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Ambient air pollution is estimated to cause 4.2 million deaths each year with up to 3.2 million
attributable to fine particulate matter (PM2.5) exposure. Modeling studies have estimated that 8.5%
of those PM2.5-attributable deaths are from surface transportation emissions globally, and can be as
high as 23.5% in the U.S.. Globally, emissions from onroad vehicles have been estimated to account
for 385,000 PM2.5 and ozone (O3)-attributable deaths each year and civil aviation emissions for
16,000 PM2.5 and O3-attributable deaths with a quarter of those from landing and takeoff operations
(LTO). Emission mitigation strategies like onroad vehicle electrification or sustainable alternative jet
fuels have the potential to reduce the air quality-related health impacts from these emission sectors,
but it is difficult to quantify the extent and where the benefits may be felt prior to implementing a
particular strategy. Air quality models have been developed for this exact purpose. By replicating
the chemical and physical processes that govern air pollutant formation in our atmosphere, models
are able to quantify the extent to which an input to the model, such as an emission source or
meteorological variable, influences the estimated air pollutant concentrations at a given time and
place.
The goal of this dissertation is to better quantify the air quality and air quality-related health
impacts from LTO aviation and onroad vehicle emissions. We hypothesize that the use of sensitivity
analyses within an air quality modeling framework will further our understanding of how emissions
from these two transportation-related emission sectors go on to form air pollutants and help us
determine the largest contribution to air quality-related health impacts from these sectors. We
first aimed to understand and quantify the importance of nonlinearity in the formation of PM2.5
and O3 concentrations from LTO emission precursors at individual airports across the U.S. and
found nitrogen oxides (NOX ) LTO emissions are the largest contributor to nonlinearity in O3
iii
and PM2.5 formation through LTO emissions. Next we aimed to quantify the air quality and air
quality-related health impacts of onroad vehicle classes from distinct source regions in the Northeast
and Mid-Atlantic U.S. by emission precursor. We found light-duty trucks were responsible for the
most PM2.5-attributable premature mortalities at 1,234 with 46% and 26% of those mortalities from
directly emitted primary particulate matter and ammonia (NH3), respectively; and O3-attributable
premature mortalities at 1,129 with 80% of those mortalities from NOX emissions. Based on a
detailed source-receptor matrix of sensitivities with subsequent monetization of damages that we
computed, we found that the largest damages-per-ton estimate is approximately $4 million per ton
of directly emitted primary particulate matter from buses in the New York-Newark-Jersey City MSA.
Then we aimed to determine the impacts of a possible underestimation of onroad vehicular NH3 in
current emissions inventories. We estimated that vehicular NH3 emissions go from comprising 9%
of the total NH3 emissions in our study region to as much as 21% when updating vehicular NH3
emission amounts. This resulted in an additional 1,360 premature mortalities in the study region
which means that current vehicular NH3 emission inventories may result in an underestimation of
PM2.5-attributable adverse health outcomes of up to a factor of 1.8 in the Northeast and Mid-Atlantic
U.S. Finally we aimed to quantify the PM2.5, O3, and nitrogen dioxide (NO2)-attributable health
burden from LTO emissions in the U.S. and to quantify the impacts from implementing a 5% or 50%
blend of sustainable alternative jet fuels in the U.S. We found NO2-attributable premature deaths
to be responsible for 91% of total LTO-attributable premature deaths and that implementing a
5% or 50% blend of sustainable alternative jet fuel resulted in a 1% or 18% reduction, respectively
in PM2.5-attributable premature deaths. The results from the work in this dissertation help us
quantify the extent to which these emission sources contribute to regional air quality conditions.
This information is critical in developing emission mitigation strategies targeted at reducing air
quality-related adverse health outcomes from these sources.
iv
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CHAPTER 1 INTRODUCTION
1.1 Anthropogenic Emissions impacts on Climate and Air Quality
Emissions produced from fossil fuel burning for energy can lead to negative impacts on the
Earth’s climate and air quality. These impacts can be felt on multiple scales, both temporally
and locally. As pollutants are emitted, poorer air quality from those pollutants can impact both
humans and ecosystems on the scale from hours to months. Those same emissions can evolve and
advect through atmosphere, impacting global chemical and microphysical processes on the scale from
months to years. In the long term, these changes in global chemical and microphysical processes
can drastically alter the overall state of the Earth’s climate that can impact ecosystems for years
to centuries. Air quality effects are already observed with current anthropogenic emission levels
impacting public health; and they are expected to increase in severity with the effects of climate
change.
Anthropogenic emissions that can impact climate change and air quality are carbon dioxide
(CO2), methane (CH4), nitrous oxide (N2O), hydrofluorocarbons (HFCs), perfluorocarbons (PCFs),
sulfur hexafluoride (SF6), hydrochlorofluorocarbons (HCFCs), chlorofluorocarbons (CFCs), directly
emitted aerosols (primary particulate matter), sulfur dioxide (SO2), carbon monoxide (CO), nitrogen
oxides (NOX), ammonia (NH3) and non-methane volatile organic compounds (NMVOCs). In the
U.S., the Environmental Protection Agency (EPA) has set standards on certain criteria pollutants
with the primary goal of mitigating public health impacts and the secondary goal of mitigating
indirect effects on the environment. These criteria pollutants are: CO, lead (Pb), nitrogen dioxide
(NO2), ozone (O3), particulate matter (PM), and SO2.
The challenge of determining future anthropogenic emissions arises from inherently dynamic
and uncertain systems that are reliant on driving forces such as technological change, population
growth, and socio-economic development (Intergovernmental Panel on Climate Change 2015). One
emission sector of particular interest that will be heavily impacted by the direction of these driving
forces is the transportation sector. Comprising 14% of the total global GHG emission budget in
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the year 2010 (Environmental Protection Agency 2021), transportation sector emissions are rapidly
changing worldwide with varying trends. Globally, onroad vehicles and nonroad engines make up as
much as 41% of anthropogenic NOX emissions; and while other anthropogenic emission sectors have
decreased their GHG emissions from 1990 to 2010, transportation sector emissions of GHGs have
increased by nearly 21% from 1990 to 2010 and 250% from 1970 to 2010 (IPCC et al. 2011).
In the U.S., transportation sector emissions account for 29% of total GHG emissions, the largest
of any sector in 2017 (United States Environmental Protection Agency 2019). This sector has also
seen the most growth in emissions (340%) as compared to all other sectors between 1990 and 2017.
Onroad and nonroad vehicles contribute the most to U.S. transportation sector GHG emissions at
82%, while aircraft, ships, and rail contribute 9, 3, and 2%, respectively. While GHG emissions are
not a direct influencer of air quality, they indicate the amount of fuel being burned by particular
sectors and can be a good indicator of the sectors with the largest impacts. The work described in
this dissertation will target the air quality impacts from two sectors comprising 91% of the total
transportation sector GHG emissions in the U.S.: onroad vehicles and aircraft.
1.1.1 Onroad Vehicles
Onroad vehicles refer to all vehicles used for transportation of passengers and freight. This is
distinct from nonroad vehicles that include vehicles, engines, and equipment used for construction,
agriculture, recreation, and many other purposes. Both onroad and nonroad vehicles rely on internal
combustion engines and petroleum based fuel. Onroad and nonroad sources are further distinguished
by size and use (Environmental Protection Agency 2020).
Onroad vehicles are split into two sub-categories: light-duty vehicles (LDV) that consist of
passenger cars, light trucks, minivans, passenger vans, pickup trucks, and sport-utility vehicles;
and medium and heavy-duty vehicles (M/HDV) that consist of heavy trucks, buses, large pick-ups,
delivery trucks, recreational vehicles (RVs), and semi trucks. In order to power LDVs and M/HDVs,
fuel is burned to power an internal combustion engine (ICE), which results in the emissions of GHG
and air pollutants during the combustion process through the exhaust. Also, in the case of onroad
vehicles, NMVOCs can evaporate without the need of a combustion process. Vehicle exhaust is
primarily composed of NMVOCs, NOX, PM, and CO. Emissions are higher when the vehicle is first
started due to the optimal-operating temperature not being reached yet; and they are continuously
emitted while the vehicle remains running. The amount of emissions from a vehicle not only depends
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on the type of vehicle/engine, but also on the type of fuel burned, the ambient temperature outside,
and the speed in which the vehicle is traveling.
In the U.S., emissions of NMVOCs, NOX, CO, PM10, and PM2.5 have decreased by 87%, 64%,
86%, 37%, and 48%, respectively from 1970 to 2014 from all vehicles. Passenger car emission rates
have declined by more than 90% and HDV diesel truck emission rates have declined by 84%, 70%, and
76% for NMVOCs, NOX, and CO respectively (Federal Highway Administartion, U.S. Department
of Transportation 2016). These reductions have occurred over a period that saw a 56% increase in
population, a 241% increase in GDP, and a 166% increase in vehicle-miles traveled (VMT). The
reductions are a product of policies put in place such as the Clean Air Act and Federal Emissions
Standards as well as technologies owing to cleaner overall LDVs and M/HDVs.
However, although we have seen progress with curbing emissions of air pollutants from LDV and
M/HDV in the U.S., CO2 emissions which account for more than 80% of the U.S. GHG emission
budget have increased by 16% from 1970 to 2014 from LDV and M/HDV. Globally, we see the
same thing with onroad vehicles making up 80% of the two-fold increase in GHG emissions from the
transportation sector from 1970 to 2010 (IPCC et al. 2011). 94% of global transport sector energy
demand was met with over 53% of the global primary oil consumption, with LDV making up half of
that energy demand. M/HDVs made up over half of the 45% of transport sector energy demand
belonging to freight activities.
One path of technological change with the goal of curbing emissions is to consider the fuel that
is going into the vehicle and the way the vehicle utilizes that fuel. For instance, if petroleum-based
fuels are to remain the primary fuel for onroad vehicles, fundamental changes to the way ICEs
and drive-trains utilize oil-based fuels can result in emission decreases. As engine and drive-train
technology develops, simply bringing older vehicles up to a recognized standard can curb emissions
with little incentive to develop fundamentally new technologies. One study has estimated that
by simply updating engine and drive-train standards of LDVs made in 2007-2010 to the most
up-to-date engine and drive-train standards available in 2011; we could see a 25% reduction in fuel
consumption and GHG emissions (IPCC et al. 2011). Changes to LDVs that don’t involve the
engine or drive-train such as vehicle weight reduction and increase aerodynamics can also decrease
fuel consumption and GHG emissions, with up to half of fuel consumption by LDV reduced by
2035 (IPCC et al. 2011). HDVs often rely on diesel as their primary fuel source and hence have
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different ICEs and emissions than LDVs. However, HDVs have seen technological changes resulting in
higher efficiency engines (45% thermal efficiency) in most developed countries. The same cannot be
said for HDVs in non-OECD countries where older ICE technologies still dominate and diesel-related
combustion emissions are much higher. Without fundamentally changing HDV ICE and drive-train
technology, updating older HDVs in certain parts of the world to more up to date ICEs, implementing
operational improvements such as increased carrying capacity per trip for freight HDVs, and reducing
aerodynamic drag can cut GHG emissions by up to 32% (IPCC et al. 2011).
The other path is a fundamental change in the ICE and drive-train of LDVs and HDVs through
the implementation of alternative fuels. There are a range of feasible alternative fuels that currently
exist; each with its own limitations and benefits. Two fossil-fuel based alternative fuels are liquefied
petroleum gas (LPG) and compressed natural gas (CNG). LPG is composed of 95% propane and 5%
butane. CO emissions and subsequently its carbon footprint is lower than conventional gasoline,
however it may contribute higher NOX emissions than conventional gasoline. CNG produces lower
CO and NMVOC emissions than conventional gasoline and lower NOX and PM emissions than
diesel fuels. Downsides to these fuels include the additional energy to compress the natural gas
into high pressure cylinders and the continued reliance on burning fossil fuels. Ethanol is a viable
biofuel alternative that is made from corn, sugarcane, or biomass. Like LPG, ethanol has lower CO
emissions but higher NOX emissions. CNG, LPG, and ethanol require little in the way of changing
the current ICE and drive-train paradigm for LDVs and HDVs.
Other fuel options will require different technologies to utilize them as fuels. Hydrogen as a fuel
source can be produced from coal, natural gas, petroleum, solar, or wind energy and is then used
in a proton exchange membrane fuel cell which converts hydrogen gas and O2 to electricity and
water vapor. The resulting process impacts the climate and air quality only so much as the process
by which the hydrogen is extracted impacts the climate and air quality. Vehicles that utilize this
technology are known as fuel cell electric vehicles (FCEV). Hydrogen is promising as a potential fuel
cell due to its high gravimetric energy density. Yet due to its low volumetric density, the issue of
storing hydrogen in a feasible manner for it to be readily available as a fuel to FCEVs has limited its
use (U.S. Department of Energy, Hydrogen and Fuel Cell Technologies Office 2021). The large energy
it takes (2.1% of energy content) to store hydrogen in compressed tanks suitable for tank-replacement
in FCEVs as means of refueling is impractical while large stationary refuelling tanks remain costly.
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Lastly, electricity can act as an alternative fuel to power batteries within the vehicle. The
batteries can be charged from any available electricity source which will determine the impact on the
climate and air quality. Electrification of onroad vehicles may provide the most promise in the U.S.,
with the potential to mitigate negative consequences of oil dependency on the economy, national
security, and of course the environment (Ralston & Nigro 2011, Requia et al. 2018). The level of
electrification of onroad vehicles can vary from being entirely reliant on electricity as in the case
of battery electric vehicles (BEVs) to only partially reliant on electricity as in the case of plug-in
hybrid electric vehicles (PHEVs) that also have an ICE. BEVs operate at a much higher efficiency
than ICE LDVs (80% compared to 20-35%) and emit zero tailpipe emissions, yet due to their high
retail cost, range limitation from battery charge, and battery charging time; the barrier to entry for
full electrification of LDV fleet still has not been reached. The high cost of BEVs is due to the high
cost of the lithium-ion battery. PHEVs cost less due to the nickel-metal hydride batteries that are
used. Currently, battery cost is the prohibitive factor for BEVs and technological change is necessary
to lower battery production cost. However, battery technology must also develop to ensure longer
charge times and greater durability as these are also prohibitive factors from fleet-wide integration.
1.1.2 Aviation
The aviation sector is the most far-reaching transportation mode consuming about 2.2% of the
world’s energy (Department of Transportation 2021). Like onroad vehicles, aircraft produce emissions
as a result of fossil fuel combustion in their engines which result in emissions of CO2, water vapor
H2O, NOX, SOX, CO, NMVOCs, and PM. CO2 and H2O make up about 99% of the emissions in
the exhaust from aircraft with only about 1% composed of the remaining gases and particles. In
the context of aircraft emissions, it is common to consider two regimes in which aircraft activity
may impact the climate and air quality: one regime that encompasses aircraft activity below 3,000
feet and one that encompasses activity above 3,000 feet. Aircraft activity below 3,000 feet describes
the landing and take off (LTO) cycles of an aircraft’s entire flight as well as the taxing procedures
on the ground near the airport when the plane is preparing to depart. Activity below 3,000 feet
make up about 10% of the aircraft emissions except for CO and NMVOCs; since the aircraft is
operating at its lowest combustion efficiency while on the ground, 30% of CO and NMVOCs are
emitted below 3,000 feet. The remaining 90% (70% of CO and NMVOCs) are emitted above 3,000
feet during the duration of the aircraft’s entire flight (FAA Office of Environment and Energy 2015).
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Aircraft emissions contribute approximately 2% of the world’s total CO2 budget and 12% of the
transportation sector’s. Emissions during each stage of the aircraft’s flight segment can impact the
climate and air quality on different scales. Emissions below 3,000 feet will impact local air quality
around the airport while emissions above 3,000 feet can impact the global climate.
Like onroad vehicles, emissions from aircraft mix in the ambient atmosphere to either directly
contribute to poor air quality or can undergo chemical and physical processes that result in the
formation of air pollutants. Particulate matter attributable to aircraft can be directly emitted, it can
form from the oxidation of NOX and SO2 under the proper atmospheric conditions, and it can form
from NMVOCs that condense quickly once emitted to form particulate matter. This particulate
matter that is formed can impact the regional air quality near regions of aircraft activity below 3,000
feet.
Although the aviation sector is expected to continue to grow at rate of about 2% a year,
aircraft fuel efficiency has drastically improved over the past decade. From 2004 to 2012, aviation
energy intensity decreased by 24.3% making it a more efficient transportation mode than onroad
vehicles (FAA Office of Environment and Energy 2015). The concern is that as aviation continues to
grow and other sectors such as onroad vehicles are forced to get cleaner due to emission standards, the
impact of aviation emissions will become a larger proportion of overall impact from the transportation
sector. And while onroad vehicles could look to multiple strategies to curb their emissions such
as alternative fuels and changes to the ICE and drive train, aircraft are limited by the amount of
fundamental technology change they can undergo as no alternative to jet propulsion is seriously
being considered. The aviation industry has set goals to increase fuel efficiency by 1.9% each year
from 2009 to 2020, to exhibit carbon-neutral growth by 2020, and to reduce net CO2 from aviation
by 50% in 2050 relative to 2005 levels (International Air Transport Association 2021). In order to
achieve these goals and to curb emissions from the aviation sector overall, policies can be put in
place to change some operational procedures, but with the expected growth of aviation; one of the
most meaningful changes can be the shift to an alternative jet fuel source.
There are currently three potential routes for alternative jet fuels: synthetic liquid fuels man-
ufactured from current fossil fuels or biomass, bio-jet fuels made from agricultural oil crops, and
hydrogen (Committee on Aviation Environmental Protection 2007). The feasibility of each of these
types of fuel differ as the production, implementation, and efficacy will become the limiting factors.
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Hydrogen is the least likely to replace traditional petroleum-based jet fuel as it will require significant
changes in technology. The current storage limitations of hydrogen as a fuel makes it extremely
difficult to use on aircraft (U.S. Department of Energy, Hydrogen and Fuel Cell Technologies
Office 2021).
Development and testing of bio-jet fuels is a current field of research with some promise (Moore
et al. 2015, Lobo et al. 2011, Speth et al. 2015, Moore et al. 2017). Bio-jet fuels are derived from
agricultural feedstock and oil crops. ASTM International has approved one type of bio-jet fuel for
use in commercial aviation, Hydro-processed Esters and Fatty Acids Synthetic Paraffinic Kerosene
(HEFA-SPK). Bio-jet fuels produce near-zero levels of sulfur and aromatic NMVOCs which can
significantly reduce the amount of particulate matter that is formed (Moore et al. 2015, Lobo
et al. 2011, Speth et al. 2015, Moore et al. 2017). Currently, bio-jet fuel must be blended with
conventional petroleum-based jet fuel as the standards dictate specific characteristics of jet fuel
when it is burned. Hence, implementation of bio-jet fuels will reduce levels of sulfur and aromatic
NMVOCs emitted but not entirely. One study has found biofuel blending reduces aerosol number
and mass emissions immediately behind the aircraft by 50 to 70% (Moore et al. 2017). Other
studies have found similar effects of bio-jet fuel blends on resulting PM from combustion (Lobo
et al. 2011, Schripp et al. 2018). Bio-jet fuels also produce less CO2 when burned resulting in a
reduced impact on atmospheric warming. However, the production of bio-jet fuels may lead to more
CO2 emissions due to the required land-use. The entire life-cycle of the fuel may end up emitting
more harmful pollutants than traditional petroleum-based jet fuel and must be considered (Stratton,
Wong & Hileman 2011, Stratton, Wolfe & Hileman 2011).
Synthetic liquid fuels manufactured from current fossil fuels offer the most promise as they produce
near-zero levels of sulfur and aromatic NMVOCs, can be produced from current fossil fuels, and may
reduce NOX emissions through the option of more fuel-rich combustor design options (Committee on
Aviation Environmental Protection 2007). Synthetic liquid fuels also produce less CO2 and PM than
traditional petroleum-based jet fuels (Schripp et al. 2018, Speth et al. 2015, Lobo et al. 2011, Stratton,
Wolfe & Hileman 2011, Moore et al. 2015). ASTM International has approved three synthetic liquid
fuels: Synthesized Iso-paraffins (SIP), Fischer-Tropsch Synthetic Paraffinic Kerosene (FT-SPK), and
Fisher-Tropsh Synthetic Kerosene with Aromatics (FT-SKA). Research is ongoing to determine the
feasibility and impacts of these fuels but synthetic liquid fuels offer the most promise for alternative
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jet fuels.
1.1.3 Quantifying impacts from these emission sectors
The systems that describe how pollutants may form are highly dynamic and complex. Air pollutant
concentration is governed by emissions of precursors to that pollutant, chemical and physical processes
in the atmosphere, and meteorological conditions. Measuring a pollutant concentration at a given
location and time does not tell the measurer what or where contributed to that concentration. Hence,
not only is it especially difficult to quantify the impact of emission mitigation strategies like onroad
fleet electrification or sustainable alternative jet fuel implementation, it is difficult to understand
how existing emission sources contribute to air pollutant concentrations. Air quality models have
been developed for these exact purposes. By replicating the chemical and physical processes that
govern air pollutant formation in our atmosphere, models are able to quantify the extent to which an
input to the model, such as an emission source or meteorological variable, influences the estimated
air pollutant concentrations at a given time and place.
The World Health Organization (WHO) estimates that ambient air pollution causes 4.2 million
deaths each year (World Health Organization 2016) while a recent modeling study (Vohra et al. 2021)
estimates 10.2 million deaths each year from PM2.5 from fossil fuel combustion sources alone.
Another global modeling study estimates up to 3.2 million attributable to PM2.5 exposure (Chambliss
et al. 2014) with 8.5% of those PM2.5-attributable deaths from surface transportation emissions,
and can be as high as 23.5% in the U.S.. Globally, tailpipe emissions from the mobile source sector
have been estimated to account for 385,000 PM2.5 and O3-attributable deaths each year (Anenberg
et al. 2019) and civil aviation emissions have been estimated to account for 16,000 PM2.5 and
O3-attributable deaths each year with a quarter of those from LTO emissions (Yim et al. 2015). A
recent study has estimated approximately 200 PM2.5 and O3-attributable deaths each year in the
U.S. from LTO emissions (Dedoussi et al. 2020). Global air quality models are limited by the spatial
resolution they are able to generate results at, which can lead to an underestimation of air quality
impacts near transportation emission sources and a misrepresentation of the complex atmospheric
chemical and physical interactions occurring near those sources to form air pollutants. Quantifying
the impacts from emission mitigation strategies can also be difficult for global models not because of
the model itself, but because the mission of most emission reduction strategies are limited to smaller
geographic scopes. Highly localized air quality models that quantify air pollutant concentrations
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on the order of meters away from an emission source provide finely resolved information about a
source’s air quality impact; but are limited by the requirement of immense computational resources
to run the model for many emission sources which makes quantifying the impacts from emission
mitigation strategies difficult. The work that supports this dissertation will make use of regional
scale air quality models to better understand the air quality impacts of LTO activity from individual
airports and distinct vehicle classes from individual U.S. states. We also look to quantify the air
quality-related health burden from these emission sectors and the potential benefit from an emission
mitigation strategy of implementing sustainable alternative jet fuel in the U.S.
The overarching goal of this dissertation is to better quantify the air quality and air quality-related
health impacts from LTO aviation and onroad vehicle emissions. We hypothesize that the use of
sensitivity analyses within an air quality modeling framework will further our understanding of how
emissions from these two transportation-related emission sectors go on to form air pollutants and
help us determine the largest contribution to air quality-related health impacts from these sectors.
We have made use of the U.S. EPA’s Community Multi-Scale Air Quality (CMAQ) (U.S. EPA Office
of Research and Development 2014, U.S. EPA Office of Research and Development 2017) modeling
framework with two sensitivity analysis methods: the brute force method and the Decoupled Direct
Method (DDM) (Dunker 1984), as well as a newly developed health impact assessment platform
known as BenMAPR that relates air quality concentrations to adverse health outcomes. The main
objectives of the studies that comprise this dissertation are as follows:
1. Understand and quantify the importance of nonlinearity in the formation of PM2.5 and O3
concentrations from LTO emission precursors at individual airports across the U.S. (Chapter
2).
2. Quantify the air quality and air quality-related health impacts of onroad vehicle classes from
distinct source regions in a heavily populated part of the U.S. by emission precursor. Quantify
the impacts of each vehicle class/precursor/source region on other regions within the domain
(Chapter 3).
3. Quantify the air quality-related health impacts of an unregulated byproduct of emission control
technologies in onroad vehicles, NH3, in a heavily populated part of the U.S. Additionally,
determine the impacts of a possible underestimation of onroad vehicular NH3 in current
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emissions inventories (Chapter 4).
4. Quantify the PM2.5, O3, and NO2-attributable health burden from LTO emissions in the
U.S.. Additionally, quantify the impacts from implementing a 5% or 50% blend of sustainable
alternative jet fuels in the U.S. (Chapter 5).
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CHAPTER 2 NONLINEARITY IN AIRCRAFT EMISSIONS’ IMPACT
2.1 Introduction
Nonlinear chemistry governs the formation of not only tropospheric ozone (Sillman 1995, Tonnesen
& Dennis 2000, Sillman 2002, Cohan et al. 2005, Xing et al. 2011, Kim et al. 2017, Sharma et al. 2017),
but also secondarily formed particulate matter (Blanchard et al. 2000, Pun & Seigneur 2001, Pinder
et al. 2007, Dennis et al. 2008, Blanchard & Tanenbaum 2008, Clappier et al. 2017). The nonlinear
chemistry involves the interactions and subsequent availabilities of directly emitted gases and particles
in polluted or relatively clean areas. These directly emitted gases and particles are deemed precursors
to O3 and PM with entire chemical regimes, areas of the atmosphere with particular chemical,
meteorological traits, dictating the formation pathways from precursor to O3 or PM. Precursor
sensitivity regimes are a common study in tropospheric O3 formation with nitrogen oxides (NOX)
and volatile organic compounds (VOCs) playing the precursor roles. However, sensitivity regimes
can also extend to PM formation with NOX and VOCs as well as other gas and particle species such
as sulfur oxides, ammonia, primary organics adding to the roles of precursors. All of these precursors
and the chemical/meteorological impacts of an area will lead to the formation or destruction of
O3 and PM. To develop effective strategies for reducing O3 and PM, it is crucial to understand
how all the pieces of these nonlinear systems interact. We make use of the Community Multiscale
Air Quality (CMAQ) model (Byun & Ching 1999) an Eulerian photochemical grid model; and the
Higher-Order Decoupled Direct Method in three dimensions (HDDM-3D) (Dunker 1984, Hakami
et al. 2003, Napelenok et al. 2006, Koo et al. 2007, Napelenok et al. 2008, Zhang et al. 2012), an
advanced sensitivity analysis tool, to describe the nonlinear chemistry surrounding O3 and PM2.5
formation from airport specific landing and takeoff emissions and to quantify the regional air quality
This chapter previously appeared in the journal of Science of the Total Environment. The original citation is as
follows: Arter C. and Arunachalam S. "Assessing the importance of nonlinearity for aircraft emissions’ impact on O3
and PM2.5," Science of the Total Environment, 777, 146121, (2021)
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impacts of airports of varying sizes. We focus on ten individual airports; five airports in regions
that are currently in attainment of the O3 and PM2.5 National Ambient Air Quality Standards
(NAAQS): Boston Logan (BOS), Kansas City (MCI), Raleigh-Durham (RDU), Seattle-Tacoma
(SEA), and Tucson (TUS); and five airports that are in areas of nonattainment of O3 or PM2.5:
Chicago O’Hare (ORD), Hartsfield-Jackson Atlanta (ATL), John F. Kennedy (JFK), Los Angeles
(LAX), and Charlotte-Douglas (CLT).
2.1.1 Aviation
Approximately 730 million passenger miles were flown in 2018 resulting in an increase of around 25
% over the past ten years (Office of Airline Information 2020). The Federal Aviation Administration
(FAA) forecasts a 2.1 % increase in U.S. carrier passenger growth each year for the next 20 years,
and a 2.1 % and 3.5 % growth in system traffic in revenue passenger miles over the next 20 years for
domestic travel and international travel, respectively (Federal Aviation Administration (FAA) 2011).
As aircraft attributable emissions become a larger component of all transportation related
emissions, it is of increasing importance to quantify their impact on atmospheric air quality. Aircraft
engines primarily produce carbon dioxide (CO2) and water vapor (H2O) with about less than
1% of the exhaust composed of nitrogen oxides (NOX ), sulfur oxides (SOX ), carbon monoxide
(CO), volatile organic compounds (VOC), and primary particles. However, it is this approximately
1% that is responsible for the formation of air pollutants such as O3 and PM2.5. Close to 90%
of all aircraft emissions are emitted during cruise (> 3,000 feet) with the exception of CO and
VOCs accounting for 70% at cruise altitudes (FAA Office of Environment and Energy 2015). U.S.
landing and takeoff (LTO) (< 3,000 feet) aircraft emissions have been estimated to be 0.44%,
0.66%, 0.48%, 0.37%, and 0.15% of total (all sectors) CO, NOX , VOC, SOX , and PM2.5 emissions,
respectively (Ratliff et al. 2009), and as the aviation emission sector continues to grow, the impact
from aircraft emissions are expected to grow as well. One study on 99 U.S. airports estimates 75
deaths in 2005 growing to 460 deaths in 2025 due to LTO aviation-attributable PM2.5 (Levy, Woody,
Baek, Shankar & Arunachalam 2012). Prior studies have characterized aircraft emissions and their
impact on O3 and PM2.5 utilizing Brute Force methods (Arunachalam et al. 2006, Arunachalam
et al. 2011, Penn et al. 2015, Vennam et al. 2015, Vennam et al. 2017, Woody et al. 2011, Woody
& Arunachalam 2013, Woody et al. 2016, Woody et al. 2015), and while one study looked at
first order impacts due to aircraft emissions with DDM-3D (Penn, Boone, Harvey, Heiger-Bernays,
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Tripodis, Arunachalam & Levy 2017a), this study will be the first to look at the nonlinear chemistry
surrounding O3 and PM2.5 formation from aircraft emissions using HDDM-3D. This study also aims
to provide a quantitative measure of LTO emissions’ impact on regional air quality in the context of
attainment designations, and add to the extensive list of literature describing LTO emissions’ impacts
in the year 2005 (Levy, Woody, Baek, Shankar & Arunachalam 2012, Arunachalam et al. 2011, Woody
et al. 2011, Woody & Arunachalam 2013, Woody et al. 2016, Woody et al. 2015).
2.2 Materials and Methods
2.2.1 CMAQ
In this work we utilize CMAQ (U.S. EPA Office of Research and Development 2014) to quantify
the concentration and transport of PM, O3, and other pollutants in 148× 112 grid cells with 36 ×
36 km resolution spanning the continental United States (CONUS) as described in a recent study
by Vennam et al. 2017 (Vennam et al. 2017). Background emission rates, defined to be all non-
aviation related emissions, from EPA’s National Emissions Inventories (NEI-2005) are processed into
gridded emission rate files using the Sparse Matrix Operator Kernal Emissions (SMOKE) (Houyoux
et al. 2000, Baek & Seppanen 2018). Meteorology data for 2005 is from the Weather Research and
Forecasting model (WRF) (Skamarock et al. 2008), with outputs downscaled from NASA’s Modern-
Era Retrospective Analysis for Research and Applications data (MERRA) (Rienecker et al. 2011).
Simulations are performed for the months of January and July in 2005 with a 10 day spin up for each
month. January and July are chosen to approximately represent winter and summer characteristics
seen during each half of the year. O3 sensitivities are considered only for July simulations. Our
aircraft emission inventory was constructed with the FAA’s Aviation Environmental Design Tool
(AEDT) (Roof & Fleming 2007) and we processed flight segments into gridded emission rate files
using AEDTProc (Baek et al. 2012). In order to study the impacts from the ten selected individual
airports, we created inventories from all flights landing or taking off from each airport. Information
regarding the selection of these particular airports as well as the locations of these airports within
our modeling domain can be found in the supporting information.
2.2.2 DDM
Various sensitivity analyses in the atmospheric CTM framework are used for guiding policy and
environmental scenarios (Clappier et al. 2017). We use a sensitivity analysis method, DDM-3D,
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that directly calculates sensitivities to perturbed inputs within the CTM framework. In the CMAQ
DDM-3D framework, inputs that can be varied include initial conditions, boundary conditions,
emissions, and reaction rates. DDM-3D first defines parameters εj as scaling variables to an input
of the model, Pj = (1 + εj)× Pj0, where Pj0 is an input to the model, which in our case would be
emission species from LTO aircraft at an individual airport (the subscript j denoting the individual
emission species and airport), and Pj is the resulting input from being scaled by εj . Output from
DDM-3D is in the form sensitivity coefficients (S1i,j in Eq. 2.1) which express the sensitivity of the
numerical solution to the output chemical concentration (Ci) of the CTM to the parameters εj .






HDDM-3D describes higher order changes to sensitivity parameters. Second order sensitivity
coefficients can be used to describe second order changes to either only one varying input parameter
(S(2)i,j in Eq. 2.2a) or two simultaneously varying input parameters (S
(2)













Six aircraft LTO precursor emissions that are responsible for the formation of PM2.5 and two
precursor emissions responsible for the formation of O3 are chosen as sensitivity parameters for
HDDM-3D analyses. Three gas phase species; nitrogen oxides (NOX), sulfur dioxide (SO2), volatile
organic compounds (VOC), and three particle phase species; primary elemental carbon (PEC),
primary organic carbon (POC), and primary sulfate (PSO4) are directly emitted from aircrafts and
can lead to the formation of PM2.5 in the atmosphere. For O3 formation, we consider NOX and
VOC emissions to be the only precursors. Table 2.5 shows the model species that comprise the
sensitivity parameters.
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We utilize Taylor series expansions (Hakami et al. 2003, Cohan et al. 2005) in conjunction with
our sensitivity coefficients to quantify how perturbations in aircraft emissions from individual airports
will impact O3 and PM2.5 concentrations:






















where n corresponds to the number of precursors for O3 and PM2.5, two and six, respectively
and CO30 ,PM2.50 refers to the O3 and PM2.5 concentrations prior to perturbations. Equation 2.3
includes an additional higher order term (Eq. 2.2b) that accounts for competing interactions that
may occur by simultaneously perturbing two different precursors. If O3 and PM2.5 concentrations
change linearly with perturbations in aircraft emissions; the higher order terms in Equation 2.3
would be zero, and the impact of perturbations from one aircraft emission species is independent
from all other aircraft emission species.
As described by Cohan et al. (Cohan et al. 2005) and Wang et al. (Wang et al. 2011) for O3
sensitivities; nonlinear responses can vary spatially and may occur outside of the immediate vicinity
of an emission source region (Cohan et al. 2005). Cohan et al. utilize a nonlinearity index and Wang
et al. utilize a slightly modified form of the nonlinearity index, the nonlinearity ratio, to characterize
the nonlinear response of O3 concentrations to varying emission regions. We utilize the nonlinearity
ratio as described in Wang et al. (Wang et al. 2011) not only to characterize nonlinear responses of
O3 to aircraft precursor emissions; but also to characterize nonlinear responses of PM2.5 to aircraft
precursor emissions.
Ri,j =
∣∣∣0.5S(2)i,j ∣∣∣∣∣∣S(1)i,j ∣∣∣+ ∣∣∣0.5S(2)i,j ∣∣∣ (2.4)
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2.3 Results and Discussion
2.3.1 O3 Sensitivities
Tropospheric O3 is formed through the reactions of NOX and VOCs with the OH radical (Seinfeld
& Pandis 1998). And since NOX and VOCs compete for available OH in the atmosphere, the O3
formation pathways can vary based on the emissions of VOCs or NOX in a region. Regions with high
NOX emissions leading to O3 formation are deemed NOX-inhibited (VOC-limited) and are often
highly localized to urban regions. Regions where available NOX is low are deemed NOX-limited
and tend to categorize most suburban to rural areas. Due to the nonlinearity of O3 production
pathways, emission control strategies for reducing O3 differ based on which chemical regime one
may be in. EKMA diagrams were one of the first analyses to show how O3 concentrations change
with reductions of NOX and VOCs in NOX-inhibited and NOX-limited regimes (Kinosian 1982).
They rely on knowing the O3 concentrations for varying amounts of NOX and VOCs in a given
region. Chemical regimes will be determined by how O3 either increases or decreases with respect to
increasing or decreasing NOX and VOC emissions.
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Figure 2.1: O3 first (top) and second (bottom) order sensitivity coefficients with respect to LTO
NOX emissions (left) and VOC emissions (right) at ORD
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We modeled sensitivities from all ten airports, but for the sake of brevity, spatial distribution
plots and analyses presented here focused on a subset made up of O3 and PM2.5 results from ORD.
We present similar analyses of a LAX and ATL, in the supporting information. By describing the
chemistry surrounding O3 and PM2.5 formation around these three airports; we are capturing spatial
properties of distinct chemical regimes. Sensitivities are shown allocated to the county level for
our three analysis airports. Figure 2.1a shows the first order sensitivities of O3 to LTO aircraft
emissions of NOX and VOC at ORD. O3 sensitivity quantities represent the daily maximum 8-hour
average O3 for one month’s (July) worth of simulations. The negative first order sensitivities seen in
the county containing ORD and the surrounding counties indicate a NOX-inhibited chemical regime.
A clear boundary of negative NOX first order sensitivities to positive first order sensitivities can be
seen (indicated by the shift from blue to orange) which signifies the shift from a NOX-inhibited to a
NOX-limited regime. Near the airport, VOC emission controls will govern the O3 concentration
response; and downwind of the airport, approximately 150 km, we see a shift to positive first order
NOX sensitivities indicating where NOX emission controls will govern the O3 concentration response.
First order VOC sensitivities at the airport are positive and larger in the NOX-inhibited regime. Our
ORD findings indicating NOX-inhibited regimes for tropospheric O3 near the airport fall in line with
other studies on chemical regimes for major U.S. cities (Pun et al. 2003, Duncan et al. 2009, Steiner
et al. 2006).
Figure 2.1b shows the second order sensitivities of O3 to LTO aircraft emissions of NOX and VOC
at ORD. While first order sensitivities tell us how changes in LTO emissions will linearly increase
or decrease O3 concentrations, non-zero second order sensitivities indicate that the concentration
response to changes in LTO emissions is nonlinear. Matching signs (positive first order and positive
second order e.g.) indicate a convex concentration response curve while unmatched signs indicate a
concave concentration response curve. At ORD, we see that positive second order sensitivities are
present in the NOX-inhibited (VOC-limited) regime indicating a negative concave O3 concentration
response as we would expect from a typical ozone isopleth describing a highly polluted urban area.
Utlizing O3 isopleths can allow for a way to distinguish photochemical regimes. From a modeling
perspective, constructing isopleths can be challenging since they require additional modeling simula-
tions for each varied amount of NOX and VOCs (Ashok & Barrett 2016). HDDM is advantageous in
this respect (Cohan & Napelenok 2011, Hakami et al. 2003) since the sensitivity outputs allow for a
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comprehensive understanding of how O3 concentrations change with respect to varying NOX and
VOC emissions across our domain. Using the sensitivities, we can explore how O3 concentrations may
change over a range of precursor perturbations. We constructed O3 isopleths using only first order
sensitivities as well as isopleths using both first and second order sensitivities. We constructed the
isopleths with sensitivities allocated to the county level and selected three sets of counties downwind
of ORD (Figures 2.15 - 2.18) that extend outward from the location of airport and continue to be in
nonattainment of O3 standards as of 2019 (U.S. Environmental Protection Agency 2020a). We’ve
chosen counties in the Chicago metropolitan area that are categorized as marginal nonattainment
status with the goal of looking at how a relatively small emission source, such as LTO emissions,
may be a target for emission reduction. We present isopleths for O3 concentration responses with
respect to varying LTO emissions from ORD. The first thing to notice is the relatively small impact
that varying LTO NOX and VOC emissions by ±100 % has on O3 concentrations in each county.
Impacts range from approximately 0.01 ppb change to 0.1 ppb change at the counties immediately
surrounding the airport. This relatively small impact makes it difficult to discern proximity to the
ridgeline of the isopleth. We can see that for the most part, NOX controls will have the most impact
for all three of our sets of counties, excluding DuPage county. This is due to O3 sensitivities to NOX
LTO emissions being much larger in magnitude than sensitivities to VOC LTO emissions at ORD.
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Figure 2.2: O3 first, second, and second order cross sensitivity coefficients disaggregated by precursor
species at grid cell containing airport
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Figure 2.2 shows the first, second, and second order cross sensitivities calculated in the model
grid cell containing each of our ten airports for O3. While we lose some of the impacts of chemical
processes leading to secondary pollutant formation downwind of the airport LTO emissions, by
focusing on the airport model grid cell we are able to see how the magnitudes of different sensitivities
change with respect to airport and, as we will see for PM2.5, by season. In the airport-containing
grid cell, first and second order sensitivities to NOX emissions are larger than sensitivities to VOC
emissions. Positive second order sensitivities with respect to NOX indicate concave response curves.
Second order cross sensitivities indicate the interaction among precursors and can indicate how
emission control strategy results may differ simply summing the results from reducing individual
emission precursors. While second order cross sensitivities are smaller than second order sensitivities,
not including the interaction term could result in an under prediction (in the case of positive second
order cross sensitivities) or an over prediction (in the case of negative second order cross sensitivities)
when assessing the contribution of each precursor independently to O3 formed. In the case of O3
first order sensitivities, O3 sensitivities to NOX are positive at RDU, TUS, ATL, and CLT while
they are negative for the remaining airports.
2.3.2 PM2.5 Sensitivities
Figure 2.3 shows the first order sensitivities of PM2.5 to LTO emissions of NOX , VOC, SO2,
POC, PEC, and PSO4 at ORD. Values shown are the January and July monthly averages of the 24
hour averages of each day of the simulation. The impact of the particle-phase precursors is highly
localized to the airport for both summer and winter months while the impact of the gas-phase
precursors extends further downwind of the airport, and in the case of NOX emissions, we can see a
reduction in PM2.5.
Seasonal differences are indicative of the meteorological and chemical regime differences that affect
PM formation. Secondary PM2.5 formation is highly dependent on available gas-phase precursors
and meteorological conditions. Not only will NOX and VOC-limited regimes become important
for determining the formation of secondarily formed PM2.5, but also the availability of background
(not directly emitted from aircraft) ammonia emissions (NH3). Studies have characterized the
importance of NH3-rich versus NH3 poor regimes on the formation of secondarily formed PM2.5
(Xing et al. 2018, Pun & Seigneur 2001, Blanchard & Tanenbaum 2008, Pinder et al. 2007, Baker &
Scheff 2007, Stockwell et al. 2000) and one study in particular has looked at how important NH3 is
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in the context of secondarily formed PM2.5 from aircraft emissions (Woody et al. 2011).
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Figure 2.3: PM2.5 first order sensitivity coefficients with respect to LTO gas-phase precursor
emissions and particle-phase precursor emissions for the months of January (top) and July (bottom)
at ORD
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In the U.S., a very high percentage of secondarily formed PM2.5 is inorganic and composed of
three species: nitrate (NO−3 ), sulfate (SO
2−
4 ), and ammonium (NH
+
4 ) with the proportion of SO
2−
4
to NO−3 dependent on location and season (Bell et al. 2007). In summer months, up to 70% of
inorganic PM2.5 is SO2−4 across the U.S. (Pinder et al. 2007, Kundu & Stone 2014) while in the
central valley of California during winter months, ammonium nitrate (NH4NO3, neutralized nitric
acid by ammonia) comprises up to 50% of total PM (Chow et al. 1999, Blanchard et al. 2011). The
key formation of these inorganic aerosols is through the oxidation of NOX and SOX emissions to
form nitric acid (HNO3) and sulfuric acid (H2SO4), respectively. Important reaction pathways that
allow for these gases to partition into particle phase are discussed in the supporting information. The
competition for available ammonia, the availability of oxidants, and whether an emission source is
located in an ammonia-rich or ammonia-poor regime makes predicting the inorganic PM2.5 responses
much more challenging. Parameters have been developed to study the responses in inorganic PM2.5
to changes in emissions such as the Gas Ratio (GR) (Ansari & Pandis 1998), the excess ammonia
indicator (Blanchard et al. 2000), and the Adjusted Gas Ratio (AdjGR) (Dennis et al. 2008). Each
of the parameters rely on concentration values of total ammonia (TA), total sulfate (TS), and
total nitrate (TN) and often express the degree of sulfate neutralization as a measure of nitrate
formation sensitivity to TA and TN. In our analysis, we will use a metric that describes the amount
of ammonia available in a system after both nitrate and sulfate are neutralized. The Free Ammonia
(FA) (Woody et al. 2011) metric is defined as: FA = [NH3] - [HNO3] where [NH3] and [HNO3]
are gas phase concentrations in molar units. Positive values of FA indicate excess free ammonia
and NH4NO3 formation will be sensitive to changes in TN rather than TA. Figure 2.23a shows FA
concentrations around ORD for both January and July. Although FA concentrations are higher in
summer, sensitivities to NH3 become much more important in the winter with regards to nitrate
formation impacting overall PM2.5 concentrations (Pinder et al. 2007). We can observe this for LTO
aircraft emissions of NOX and SO2 impacting the formation of nitrate and sulfate. Figure 2.24a
shows the sensitivities of total PM2.5 to the gas-phase precursor emissions near ORD in January.
Assuming that NOX emissions contribute to overall PM2.5 through oxidation processes that lead to
the formation of nitrate and SO2 through oxidation processes that lead to the formation of sulfate,
positive first order sensitivities of total PM2.5 to SO2 near the airport indicate sulfate being formed
and positive first order sensitivities of total PM2.5 to NOX downwind indicate nitrate being formed.
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Negative first order sensitivities of total PM2.5 to NOX near the airport indicate a competition
between HNO3 and H2SO4 for available NH3 to determine the phase state of HNO3 and subsequent
aerosol phase NH4NO3; as well as the competition between LTO NOX and SO2 for available oxidants.
With little NH3 available to the system, indicated by the low values of FA, H2SO4 is much more
likely to be neutralized and HNO3 is more likely to be kept in the gas-phase. By looking at the
sensitivities of aerosol SO42– and aerosol NO3 – to the gas-phase precursors (figures 2.24c and 2.24b,
respectively), sensitivities of aerosol NO3 – to NOX are positive while sensitivities of aerosol SO42–
to NOX are negative. This is due to NOX emissions limiting the amount of oxidants available to
oxidize SO2 to H2SO4. Aerosol SO42– formation is also reduced by the increased aqueous-phase
acidity by NOX and the subsequent reduced dissolution of SO2 in the aqueous-phase. Hence in
regions with low FA, the negative aerosol SO42– sensitivities to NOX outweigh the positive aerosol
NO3 – sensitivities to NOX resulting in negative total PM2.5 sensitivities to NOX.
In the summer months, nitrate is likely to be in the gas phase and aerosol SO42– through the
oxidation of SO2 will contribute most to total PM2.5 (Pinder et al. 2007). From figure 2.25a, total
PM2.5 formation due to ORD LTO gas-phase precursor emissions is positively correlated (positive
first order sensitivity coefficients) for all species except for NOX emissions in the immediate vicinity
of the airport. High temperatures in the summer limits the particle-phase partitioning of NH4NO3
which causes negative aerosol SO42– sensitivities to NOX to be more pronounced (Figure 2.25c).
During summer months, LTO NOX emissions can 1. titrate available O3 (converting NO to NO2)
and 2. react with available gas-phase NO−3 forming N2O5. The reduction of both gas-phase NO
−
3
and O3 can lead to the reduction of SOA formed (Woody & Arunachalam 2013), which can also help
to explain negative PM2.5 first order sensitivities to LTO NOX emissions near the airport. While
competition for available FA is not as important in the summer months as most of the inorganic
aerosol is sulfate (Pinder et al. 2007), inorganic responses in July near the airport partially mimic
what was seen in January with LTO NOX emissions negatively impacting sulfate formation and
SO2 emissions positively impacting sulfate formation across the entire domain. The only significant
nitrate aerosol formation that is seen is at a hot spot of large FA values (located directly west of
ORD in figure 2.23a).
Figure 2.4 shows the second order sensitivities of PM2.5 to LTO aircraft emissions of NOX at
ORD. We show only second order sensitivities to NOX here because, as we had seen with O3, NOX
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Figure 2.4: PM2.5 second order sensitivity coefficients with respect to LTO NOX emissions at ORD
emissions are almost entirely responsible for any nonlinearity in the PM2.5-precursor system with
positive and negative second order sensitivity coefficients. Second order sensitivities of PM2.5 to the
remaining precursors at ORD can be seen in figure 2.20. We can expect a convex PM2.5 response
curve due NOX emissions near the airport where FA competition occurs and further west where
FA is abundant with non-matching first and second order sensitivity signs. The same can be seen
in July near ORD for the highly localized negative first order NOX sensitivities near the airport
and the large hot spot of FA directly west of ORD where we have the only contribution of NOX
emissions to aerosol nitrate formation in July.
In the case of PM2.5 sensitivities at the airport grid cells shown in figures 2.5 and 2.30, first order
sensitivities to all precursors are positive except for NOX emissions. We attribute this disbenefit to
either competition with SO2 emissions near the airport for available FA to form secondary inorganic
aerosols or LTO NOX emissions’ impacts on scavenging available SOA precursors. Second order
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sensitivities vary depending on season with second order impacts in July being much higher than
January. Like with O3, second order sensitivities to NOX emissions greatly outweigh second order
sensitivities to all other precursors. NOX emissions also have the greatest impact with regards to
second order cross sensitivities. Second order cross sensitivities between NOX and VOCs and NOX
and SO2 emissions indicate the most interaction between these precursor species and by not including
these terms in a potential emission-control strategy, PM2.5 reduction would be over predicted when
only considering the reduction of independent precursors.
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Figure 2.5: PM2.5 first (top) and second (bottom) order sensitivity coefficients disaggregated by
precursor species at grid cell containing airport
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2.3.3 Nonlinearity Due to LTO NOX Emissions
From the prior sections, it is clear that LTO NOX emissions are responsible for the most degree
of nonlinearity in both our O3-precursor and PM2.5-precursor systems. Second order sensitivities to
LTO NOX represent the only significant second order sensitivities among any of our precursors. We
make use of the nonlinearity ratio (Eq. 2.4) to show where nonlinearity may be important based off
of the magnitudes of the O3-NOX or PM2.5-NOX first order and second order sensitivities. Figure 2.6
shows the nonlinearity ratio for the O3-NOX system of LAX and the PM2.5-NOX system of ORD.
Higher nonlinearity ratios in the immediate vicinity of the airport indicate a nonlinear response due
to NOX emissions in the O3-NOX system while lower nonlinearity ratios downwind of the airport
indicate a more linear response. In the case of ORD in January, a region of higher nonlinearity
ratios directly west of ORD corresponds to a transition regime; going from an NH3-poor regime to
an NH3-rich regime as previously indicated with the FA metric; while in July, a region of higher
nonlinearity ratios with lower FA in southern Illinois following the Ohio river valley can indicate a
complex interaction of LTO NOX with SO2 from stationary sources in the region. Nonlinearity and
the importance of second order impacts can indicate a transition regime with regards to PM2.5’s
concentration response to LTO NOX emissions.
2.3.4 Concentration responses for Airports
We can utilize HDDM sensitivities to construct emission control strategies and determine the
importance of including second order sensitivities and the nonlinearity of our pollutant-precursor
systems. We present an analysis in which we calculate the total emission reductions/increases needed
at each airport at the grid based level to decrease/increase O3 by 0.01 ppb and PM2.5 by 1 ng/m3
for airports in non-attainment/attainment areas. By distinguishing between airports in attainment
versus non-attainment of O3 and PM2.5 NAAQS, we can quantify the impacts of large airports on
already polluted areas by determining the LTO emission reduction amounts to decrease ambient
concentrations of O3 and PM2.5 and the impacts of moderate-large airports on relatively clean areas
by determining the LTO emission increases to increase ambient concentrations of O3 and PM2.5. As
our measure, we have chosen small perturbations in O3 and PM2.5 concentrations appropriate for
the level of LTO emissions’ impact on regional air quality relative to other emission sectors; however
these methods are directly applicable to any emission sector.
We utilize Taylor series expansions as described in Equation 2.3 for calculating emission reduc-
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Figure 2.6: Nonlinearity ratios of O3 and PM2.5 to LTO NOX at ORD and LAX, respectively
tions/increases using only first order sensitivities and using first and second order sensitivities. By
summing sensitivities, we are able to quantify reduction/increases amounts in terms of total LTO
emissions. We then are able to relate the total emission reduction/increases amount to total fuel
burn reduction/increases needed by relating the total amount of SO2 emitted in each airport’s grid
cell to the amount of aircraft jet fuel burned in each grid cell through Eq. Eq.18 in the supporting
info. We use aircraft jet fuel burnt as a proxy for aircraft activity.
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Figure 2.7: Fuel burn changes needed to decrease or increase O3 by 0.01 ppb. (top) Fuel burn
reductions needed at airports in non-attainment areas to decrease ambient maximum daily 8 hour
O3 by 0.01 ppb calculated using only first order sensitivities (left) and using both first and second
order sensitivities (right) (botom) Fuel burn increases needed at airports in attainment areas to
increase ambient maximum daily 8 hour O3 by 0.01 ppb calculated using only first order sensitivities
(left) and using both first and second order sensitivities (right)
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Figure 2.8: Fuel burn reductions needed at airports in non-attainment areas to decrease PM2.5 by
1 ng/m3 calculated using only first order sensitivities (left) and using both first and second order
sensitivities (right) for the months of January (top) and July (bottom)
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Figure 2.9: Fuel burn increases needed at airports in attainment areas to increase PM2.5 by 1 ng/m3
calculated using only first order sensitivities (left) and using both first and second order sensitivities
(right) for the months of January (top) and July (bottom)
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Figure 2.7a (Figure 2.7b) shows the total fuel burn reductions (or increases) needed at our
airports located in areas of non-attainment (or attainment) to decrease (or increase) O3 by 0.01
ppb. We see that decreasing O3 actually requires an increase in total fuel burned. As we saw when
examining both the spatial distribution and the grid-based results for O3 sensitivities, LTO NOX
emissions govern the concentration response and depending on what photochemical regime an airport
may be located in, a disbenefit can occur with regards to LTO emissions impacting O3 formation.
This is readily apparent for LAX, JFK, and ORD where an increase in total fuel burned is needed to
decrease O3 by 0.01 ppb in the airport’s grid cell. And for MCI, BOS, and SEA, a decrease in total
fuel burned is needed to increase O3 by 0.01 ppb. This trend occurs for estimating O3 concentration
response using both first and first and second order sensitivities. For airports that have positive
first order sensitivities of O3 to NOX emissions (as seen at ATL, CLT, RDU, and TUS in figure 2.2),
possibly indicating that they are in a NOX-limited photochemical regime; LTO NOX emissions do
not have the same disbenefit in that reducing (or increasing) fuel burned at these airports will reduce
(or increase) O3.
Figure 2.8 (Figure 2.9) shows the total fuel burn reductions (or increases) needed at our airports
located in areas of non-attainment (or attainment) to decrease (or increase) PM2.5 by 1 ng/m3.
Although we saw some disbenefit due to LTO NOX emissions on PM2.5 formation at the airport grid
cell, it was not enough to cause total LTO emission impacts to adversely impact PM2.5 formation.
For airports in regions of non-attainment, a decrease in total fuel burned is needed to decrease
ambient PM2.5 concentrations while airports in regions of attainment need an increase in total fuel
burned to increase ambient PM2.5. The reductions (or increases) needed for both O3 and PM2.5
indicate the small impact LTO emissions have on ambient concentrations. In addition, the almost
negligible difference between using only first order sensitivities and using both first and second order
sensitivities in our analysis indicate that while nonlinearity may still be important with regards to
LTO aircraft emissions; at the scale we are able to effectively construct emission reduction/increase
scenarios (0.01 ppb change in O3 and 1 ng/m3 change in PM2.5 in the airport containing grid
cell), second order impacts provide little additional information with regards to nonlinear effects
that may impact emission perturbation amounts needed to achieve reductions in ambient pollutant
concentrations. While we acknowledge perturbations of 0.01 ppb change in O3 and 1 ng/m3 change
in PM2.5 are small amounts from a policy standpoint, to decrease O3 and PM2.5 concentrations
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in line with what emission reduction strategies would require; ∼1.6 times more fuel burnt (160%
increase) is needed at LAX to decrease O3 by 1 ppb in the airport-containing grid cell and ∼3.3 times
less fuel burnt (330%) is needed at LAX to decrease PM2.5 by 0.1 µg/m3. It is with caution that we
interpret these results as perturbations this large are outside the range of HDDM model accuracy as
discussed by previous studies (Huang et al. 2017, Digar & Cohan 2010, Yarwood et al. 2013, Downey
et al. 2015).
2.3.5 Conclusions
For the case of aircraft LTO emissions; any HDDM modeling pursuit that aims to capture
the effects of LTO emissions on pollutants need not consider second order sensitivities as levels in
emission perturbations that are susceptible to nonlinear effects are well outside the range of accuracy
in the HDDM framework; and appropriate methods must be used to account for perturbations of
that size (Yarwood et al. 2013, Huang et al. 2017). And although the sensitivities themselves are
quite small, the HDDM framework inherently accounts for small perturbations by directly calculating
the partial derivatives of air pollutant concentrations with respect to changes in emissions. This
removes the noisy behavior that is often seen in Brute Force applications for small perturbations.
This study has shown that aircraft LTO emissions’ small impact on the overall emissions budget
owing to the formation of PM2.5 and O3 locally (near the airport) and downwind; may be susceptible
to nonlinearity at very large perturbations in emissions ( > 100%) and that first order sensitivities
should be enough to capture the impacts of LTO emissions on the formation of ambient O3 and
PM2.5 for any emission control strategy looking at emission perturbations less than 100%. We have
shown that the application of sensitivity coefficients to individual airports and precursor species
allows for a more tailored approach in assessing air quality and health impacts, which will become
increasingly important as the aviation sector continues to grow. Future work should make use
of an updated LTO emissions inventory, especially considering the impacts of the 2008 economic
recession U.S. and the COVID-19 pandemic in 2020 on commercial aviation. In this study we have
also demonstrated how HDDM-based sensitivity calculations can be used to develop source specific
impacts on potential attainment designations for a region which can be expanded to additional
source sectors besides aviation.
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Figure 2.10: CMAQ-HDDM CONUS modeling domain with locations of the ten airports used in
this study and a zoomed in view of LAX (blue box) as an example of the airport’s location within
the modeling grid cell
2.4 Supporting Information
2.4.1 Attainment region airport selection
Figure 3.4 shows our modeling domain and the locations of the ten airports we consider for our
sensitivity analyses.
The selection of our group of airports in clean regions began by narrowing down airports that are
in regions with no attainment status (maintenance, marginal, non-attainment) for O3, PM2.5, and
PM10. We then narrowed our selection even further by selecting airports that had at least 0.05% of
annual passenger boardings designated as being a small hub according to the FAA’s Voluntary Airport
Low Emissions Program (VALE) (Federal Aviation Administration (FAA) Voluntary Airport Low
Emission Program (VALE) 2016). The final selection involved choosing airports across the country
that represented the greatest geographic and climatic diversity while servicing major metropolitan
areas (MSA population > 1, 000, 000 people). Tables show the descriptions for hub type and tier
number as described in the FAA’s VALE documentation and Woody et al. 2016 (Woody et al. 2016),
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respectively. These classifications were used as metrics during the airport selection process to ensure
large enough airports were chosen.
2.4.2 Non-attainment region airport selection
We selected four of the top five airports in total number of enplanements for our group of airports
in non-attainment regions. Table 2.4 shows the ten airports’ hub and tier designations, enplanements,
MSA population based off of 2005 values, and attainment status for the NAAQS criteria pollutants.
Hub Type Percentage of AnnualPassenger Boardings
Large 1% or more
Medium At least 0.25%, but less than 1%
Small At least 0.05%, but less than 0.25%
Table 2.1: Hub type description
Tier Number Number of operationsper month
I Greater than 40,000
II At least 20,000, but less than 40,000
III Less than 20,000
Table 2.2: Tier number description
Airport State County(ies)
ATL GA Clayton and Fulton
CLT NC Mecklenburg
JFK NY Queens
LAX CA Los Angeles






Table 2.3: Airport locations by state and county
37
Size Population Attainment Status
Hub Tier Enplanements MSA 2005 O3 PM2.5 PM10
ATL Large 1 46, 604, 273 5, 249, 121 Marginal Maintenance
CLT Large 1 21, 537, 725 2, 120, 745 Maintenance
JFK Large 2 26, 244, 928 21, 903, 623 Moderate Maintenance
LAX Large 1 34, 314, 197 17, 629, 607 Severe-15 Non-attainment Maintenance
ORD Large 1 33, 843, 426 9, 661, 840 Marginal Maintenance
BOS Large 2 15, 507, 561 5, 804, 816
MCI Medium 3 4, 982, 722 2, 015, 282
RDU Medium 3 4, 673, 869 1, 509, 560
SEA Large 2 17, 888, 080 3, 806, 453
TUS Small 3 1, 597, 247 920, 298
Table 2.4: Size and operational traffic metrics for the five airports located in attainment regions
(top) and the five airports located in non-attainment regions (bottom)
Group Model Species Name
NOX NO Nitric oxide
NO2 Nitrogen dioxide
HONO Nitrous acid
EC PEC Primary elemental carbon
OC POC Primary organic carbon
SO4 PSO4 Primary sulfate






IOLE Internal olefin bond
MEOH Methanol
OLE Terminal olefin bond
TOL Toluene-like
XYL Xylene-like
Table 2.5: Sensitivity parameters as defined in the model
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2.4.3 Additional O3 analyses
O3 first and second order sensitivities at LAX and ATL The negative first order sensitivity
near LAX (Figure 2.11) indicates a NOX-inhibited (VOC-limited) chemical regime. A clear boundary
of negative NOX first order sensitivities to positive first order sensitivities can be seen (indicated
by the shift from blue to orange in Figure 2.11) which signifies the shift from a NOX-inhibited
(VOC-limited) to a NOX-limited regime.
Figure 2.13 shows a different spatial distribution of O3 sensitivities at ATL. Both first order NOX
and VOC sensitivities are positive across the domain with impacts gradually diminishing the further
away from the airport. Positive sensitivities indicate that both NOX and VOC LTO emissions at
ATL contribute to the formation of O3 across the entire domain and that the vicinity near ATL is
NOX-limited. Prior studies have shown that the city of Atlanta is primarily NOX-limited (Duncan
et al. 2009, Sillman 1995) and different emission control strategies will be needed at ATL to limit
the impact of LTO emissions on O3 formation as compared to ORD and LAX (i.e. NOX emission
controls at ATL rather than VOC emission controls at ORD and LAX).
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Figure 2.11: O3 first order sensitivity coefficients with respect to LTO NOX
emissions (left) and VOC emissions (right) at LAX
Figure 2.12: O3 second order sensitivity coefficients with respect to LTO NOX
emissions (left) and VOC emissions (right) at LAX
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Figure 2.13: O3 first order sensitivity coefficients with respect to LTO NOX
emissions (left) and VOC emissions (right) at ATL
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Figure 2.14: O3 second order sensitivity coefficients with respect to LTO NOX
emissions (left) and VOC emissions (right) at ATL
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At LAX, in figure 2.12, we see that positive second order sensitivities are present in the NOX-
inhibited (VOC-limited) regime indicating a negative concave O3 concentration response as we would
expect from a typical ozone isopleth describing a highly polluted urban area. At ATL, figure 2.14,
we see a positive convex O3 concentration, again aligning with what we would expect for this type
of region on a typical ozone isopleth.
O3 Isopleths for ORD The first thing to notice is the relatively small impact that varying LTO
NOX and VOC emissions by ±100 % has on O3 concentrations in each county. Impacts range from
approximately 0.01 ppb change to 0.1 ppb change at the counties immediately surrounding the
airport. This relatively small impact makes it difficult to discern proximity to the ridgeline of the
isopleth. We can see that for the most part, NOX controls will have the most impact for all three of
our sets of counties, excluding DuPage county. This is due to O3 sensitivities to NOX LTO emissions
being much larger in magnitude than sensitivities to VOC LTO emissions at ORD.
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Figure 2.15: O3 sensitivities and the counties surrounding ORD that will be used to create isopleths
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Figure 2.16: O3 isopleths constructed using only first order sensitivities (left) and using first and
second order sensitivities (right) for the grey counties in Figure 2.15
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Figure 2.17: O3 isopleths constructed using only first order sensitivities (left) and using first and
second order sensitivities (right) for the green counties in Figure 2.15
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Figure 2.18: O3 isopleths constructed using only first order sensitivities (left) and using first and
second order sensitivities (right) for the pink counties in Figure 2.15
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O3 Nonlinearity Ratios for ORD, LAX, ATL Figure 2.19 shows the nonlinearity ratio for
the O3-NOX system of ORD (top panel), LAX (middle panel), and ATL (bottom panel).
Figure 2.19: Nonlinearity ratios of O3 to LTO NOX at a. ORD, b. LAX, and c. ATL
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2.4.4 Additional PM2.5 analyses
Figure 2.20 shows the second order sensitivities of PM2.5 to LTO aircraft emissions of NOX,
VOC, SO2, POC, PEC, and PSO4 emissions at ORD.
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Figure 2.20: PM2.5 second order sensitivity coefficients with respect to LTO NOX, VOC, SO2, POC,
PEC, and PSO4 emissions at ORD
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Figure 2.21: PM2.5 first order sensitivity coefficients with respect to LTO gas-phase precursor
emissions and particle-phase precursor emissions for the months of January (top) and July (bottom)
at LAX
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Figure 2.22: PM2.5 first order sensitivity coefficients with respect to LTO gas-phase precursor
emissions and particle-phase precursor emissions for the months of January (top) and July (bottom)
at ATL
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Figure 2.21 shows the first order sensitivities of PM2.5 to LTO aircraft precursor emissions at
LAX and figure 2.22 shows the same at ATL. Seasonal differences are indicative of the meteorological
and chemical regime differences that affect PM formation. Secondary PM2.5 formation is highly
dependent on available gas-phase precursors and meteorological conditions. Not only will NOX
-/VOC-limited regimes become important for determining the formation of secondarily formed PM2.5,
but also the availability of background (not directly emitted from aircraft) ammonia emissions
(NH3). Studies have characterized the importance of NH3-rich versus NH3 poor regimes on the
formation of secondarily formed PM2.5 (Xing et al. 2018, Pun & Seigneur 2001, Blanchard &
Tanenbaum 2008, Pinder et al. 2007, Baker & Scheff 2007, Stockwell et al. 2000) and one study in
particular has looked at how important NH3 is in the context of secondarily formed PM2.5 from
aircraft emissions (Woody et al. 2011). chemical regimes, meteorological conditions, and emission
source locations will impact seasonal PM2.5 formation. Hence, we will look at secondary PM2.5
sensitivities at three airports located in distinct chemical regimes and that vary greatly dependent
on the season: ORD, LAX, and ATL.
The key formation of these inorganic aerosols is through the oxidation of NOX (Reactions R.1-R.5)
and SOX (in the gas phase reactions R.6-R.8 and in the solution phase reactions R.9-R.12) emissions
to form nitric acid (HNO3) and sulfuric acid (H2SO4), respectively.
OH + NO2 −−→ HNO3 (R.1)
NO2 + O3 −−→ NO3− (R.2)
NO3
− + hν −−→ HNO3 (R.3)
NO2 + NO3
− −−→ N2O5 (R.4)
N2O5 + H2O −−→ 2 HNO3 (R.5)
OH + SO2 −−→ HOSO2 + M (R.6)
HOSO2 + O2 −−→ HO2 + SO3 (R.7)
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SO3 + H2O −−→ H2SO4 (R.8)
SO2(g) + H2O −−⇀↽− SO2 ·H2O(aq) (R.9)
SO2 ·H2O(aq) + H2O −−⇀↽− HSO32−(aq) + H3O+ (aq) (R.10)
HSO3
− + H2O −−⇀↽− SO32− (aq) + H3O− (aq) (R.11)
SO3
2− (aq) + H2O −−⇀↽− H2SO4 (R.12)
H2SO4 and HNO3 will partition in and out of particle phase. H2SO4 in the presence of water
vapor will exist largely in the form of particle-phase SO42– due to its low vapor pressure (Reactions
R.13-R.14). Due to a higher vapor pressure than H2SO4, HNO3 is not as likely to have the resulting
NO3 – in particle phase. HNO3 can lead to the formation of particle-phase NO3 – in very high RH
conditions (Reactions R.15-R.16), however it is much more likely that under low RH conditions,
NH3 will neutralize the gas-phase HNO3 to form aerosol NH4NO3 (Reaction R.17). While available
NH3 determines the phase state of HNO3, NH3 determines the neutralization state of H2SO4 with
the preferred sulfate aerosol in the atmosphere being (NH4)2SO4.
H2SO4 −−⇀↽− H+ + HSO4− (R.13)
HSO4
− −−⇀↽− H+ + SO42− (R.14)
HNO3 (g) −−⇀↽− HNO3 (aq) (R.15)
HNO3 (aq) −−⇀↽− NO3− + H+ (R.16)
NH3 (g) + HNO3 (g) −−⇀↽− NH4NO3 (s) (R.17)
Free Ammonia and its impact on inorganic PM2.5 formation due to gas-phase emissions
It is common to discuss concentrations of Total Ammonia (TA) = NH3 + NH4+, Total Sulfate (TS)
= SO42– , and Total Nitrate (TN) = HNO3 + NO3 – in terms of two chemical regimes: Ammonia-rich
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and Ammonia-poor. Ammonia-rich regimes are defined as [TA] > 2 × [TS] and Ammonia-poor
regimes are defined as [TA] < 2× [TS]. Excess ammonia is found in Ammonia-rich regimes with
most of the aerosol phase being neutralized and available NH3 that does not react with SO42– will
be able to react with HNO3 or NO3 – to produce NH4NO3. Insufficient ammonia is available to fully
neutralize available SO42– in the Ammonia-poor regime leading to an acidic aerosol phase and the
low vapor pressures of available NH3 will prevent formation of NH4NO3.
(a) FA concentrations near ORD (b) FA concentrations near LAX
(c) FA concentrations near ATL
Figure 2.23: Average FA concentrations (in moles/m3) for January and July
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(a) PM2.5 first order sensitivities to ORD LTO NOX,
VOC, and SO2 emissions
(b) Aerosol NO3 – first order sensitivities to ORD LTO
NOX, VOC, and SO2 emissions
(c) Aerosol SO42– first order sensitivities to ORD LTO NOX, VOC, and SO2 emissions
Figure 2.24: January sensitivities
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(a) PM2.5 first order sensitivities to ORD LTO NOX,
VOC, and SO2 emissions
(b) Aerosol NO3 – first order sensitivities to ORD LTO
NOX, VOC, and SO2 emissions
(c) Aerosol SO42– first order sensitivities to ORD LTO NOX, VOC, and SO2 emissions
Figure 2.25: July sensitivities
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(a) PM2.5 first order sensitivities to LAX LTO NOX,
VOC, and SO2 emissions
(b) Aerosol NO3 – first order sensitivities to LAX LTO
NOX, VOC, and SO2 emissions
(c) Aerosol SO42– first order sensitivities to LAX LTO NOX, VOC, and SO2 emissions
Figure 2.26: January sensitivities
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(a) PM2.5 first order sensitivities to LAX LTO NOX,
VOC, and SO2 emissions
(b) Aerosol NO3 – first order sensitivities to LAX LTO
NOX, VOC, and SO2 emissions
(c) Aerosol SO42– first order sensitivities to LAX LTO NOX, VOC, and SO2 emissions
Figure 2.27: July sensitivities
Unlike the eastern U.S. where sulfate dominates most of the total PM, California’s PM makeup
can have a much higher percentage of ammonium nitrate during the winter months; and like we
saw for ORD, FA will govern where LAX LTO NOX emissions are able to form nitrate aerosol.
Figure 2.26 shows first order sensitivities of total PM2.5, NO3 – , and SO42– to the gas-phase LTO
precursor emissions from LAX for the month of January. As FA is abundant throughout the central
valley of California up to the bay area, positive first order sensitivities of NO3 – to NOX and SO42–
to SO2 are seen stretching up the valley from LAX. Negative first order sensitivities to NOX are
observed northwest of LAX where FA is scarce. The story changes in the summer months when
meteorological conditions limit the impact of LAX emissions on the northern half of the state.
Impacts are largely held to southern California with NOX emissions contributing to aerosol nitrate
formation and decreasing total PM2.5 and SO42– only in the immediate vicinity of LAX. The negative
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first order sensitivities of total PM2.5 and SO42– can be explained by the titration of O3 in the
heavily NOX-inhibited (VOC-limited) counties which negatively impacts total PM2.5 formation.
In January near ATL (Figure 2.28), there is some competition for FA which results in negative
first order sensitivities of total PM2.5 to LTO NOX but with very little FA in the winter months in
the southeast U.S., competition for FA leading to the formation of ammonium nitrate or ammonium
sulfate is not as pronounced as what was seen in the Midwest or California. In July, both LTO
NOX and SO2 are positively impacting the formation of PM2.5 near the airport and downwind as an
abundance of FA in the region allows for the formation of both ammonium nitrate and ammonium
sulfate (Figure 2.29).
(a) PM2.5 first order sensitivities to ATL LTO NOX,
VOC, and SO2 emissions
(b) Aerosol NO3 – first order sensitivities to ATL LTO
NOX, VOC, and SO2 emissions
(c) Aerosol SO42– first order sensitivities to ATL LTO NOX, VOC, and SO2 emissions
Figure 2.28: January sensitivities
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(a) PM2.5 first order sensitivities to ATL LTO NOX,
VOC, and SO2 emissions
(b) Aerosol NO3 – first order sensitivities to ATL LTO
NOX, VOC, and SO2 emissions
(c) Aerosol SO42– first order sensitivities to ATL LTO NOX, VOC, and SO2 emissions
Figure 2.29: July sensitivities
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Figure 2.30: PM2.5 second order cross sensitivity coefficients disaggregated by precursor species at
grid cell containing airport
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2.4.5 PM2.5 Nonlinearity Ratios for ORD, LAX, ATL
Figure 2.31 shows the nonlinearity ratio for the PM2.5-NOX system of ORD (top panel), LAX
(middle panel), and ATL (bottom panel).
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Figure 2.31: Nonlinearity ratios of PM2.5 to LTO NOX at a. ORD, b. LAX, and c. ATL
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2.4.6 Relating emission changes to fuel burn changes
We are able to relate the total emission reduction/increases amount to total fuel burn reduc-
tion/increases needed by relating the total amount of SO2 emitted in each airport’s grid cell to the









where FSC is the fuel sulfur concentration in ppm (assumed to be 600); E is the percentage of
fuel sulfur emitted as SVI (assumed to be 2); and FUELBURN is the amount of fuel consumed in kg.
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CHAPTER 3 MORTALITY-BASED DAMAGES DUE TO THE ON-ROAD
SECTOR
3.1 Introduction
Emissions from fossil fuel combustion by mobile sources contribute to poor air quality through
the formation of air pollutants such as fine particulate matter (PM2.5) and ozone (O3). Exposure to
these air pollutants have been associated with increased premature mortalities. The mobile source
sector remains one of the largest contributors to PM2.5 and O3 globally and in the U.S. (Anenberg
et al. 2017, Yang et al. 2019, Zawacki et al. 2018) with one study estimating ∼385,000 PM2.5 and O3
- attributable premature mortalities globally in 2015 from tailpipe emissions (Anenberg et al. 2019).
In the U.S., road transportation mobile sources have been estimated to be the largest source of air
pollution related premature mortalities (Caiazzo et al. 2013), responsible for ∼53,000 PM2.5 and
5,000 O3 - attributable premature mortalities.
Prior studies have quantified the health impacts from the on-road vehicle sector in the U.S..
Caiazzo et al. 2013 (Caiazzo et al. 2013), Dedoussi et al. 2014 (Dedoussi & Barrett 2014), Davidson et.
al 2020 (Davidson et al. 2020), and Dedoussi et al. 2020 (Dedoussi et al. 2020) quantified premature
mortalities in the U.S. from road transportation in 2005 and 2011. Caiazzo et al. 2013 broke
down PM2.5 and O3 mortalities occurring in each state due to on-road emissions through zero-out
approaches within a chemical transport model (CTM), but did not break down the contribution
due to PM2.5 and O3 precursor emission species, source regions, or vehicle types. Dedoussi et
al. 2014 broke down the PM2.5 mortalities from on-road emissions by source states and emission
precursors through an adjoint sensitivity analysis within a CTM but did not include O3 - attributable
mortalities, and secondary organic aerosols were not included due to the limitations of the model.
This chapter previously appeared in the journal of Environmental Research Letters. The original citation is as follows:
Arter C., Buonocore J., Chang C., and Arunachalam S. "Mortality-based damages per ton due to the on-road mobile
sector in the Northeastern and Mid-Atlantic U.S. by region, vehicle class and precursor," Environmental Research
Letters, 16, 065008, (2021)
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Both Caiazzo et al. 2013 and Dedoussi et al. 2014 performed their studies for inventory years of 2005
that did not account for recent mobile source emission regulations such as the Tier 3 Motor Vehicle
Emission and Fuel standards. Wolfe et al. 2019 (Wolfe et al. 2019) monetized PM2.5 damages per ton
of directly emitted PM2.5, sulfur oxides (SOX ) / directly emitted sulfate (pSO4), and nitrogen oxides
(NOX ) from a subset of vehicle classes as defined in Davidson et al. 2020, but did not calculate O3
damages per ton and did not calculate PM2.5 damages per ton of on-road emissions of ammonia
(NH3) and volatile organic compounds (VOC). Goodkind et al. 2019 (Goodkind et al. 2019) utilized
a reduced-complexity model (RCM) to calculate the PM2.5 damages per ton of directly emitted
PM2.5, SOX , VOC, NOX , and NH3 broken down by the on-road emission sector in 2011, but did not
calculate O3 damages per ton or account for differing effects of PM2.5 by season due to the nature of
the RCM. Dedoussi et al. 2020 quantified PM2.5 and O3 mortalities in 2011 by source region, sector,
and precursor through an adjoint sensitivity analysis but did not break down the on-road sector into
vehicle types, secondary organic aerosols were excluded, and the coarse model resolution may not
capture localized impacts in densely populated urban areas. Davidson et al. 2020 broke down the
PM2.5 and O3 mortalities by vehicles’ fuel types in 2011 using source apportionment methodologies
within a CTM, but did not break down impacts by source region or precursor emission species.
This study aims to address above gaps and add to this growing list of literature by quantifying
health impacts in a heavily populated region of the U.S., i.e. the Northeast and Mid-Atlantic
U.S., broken down by five precursor emission species from five vehicle classes from 12 states and
Washington D.C. and four metropolitan statistical areas (MSAs) in 2016. By quantifying impacts
from these individual combinations of vehicle class/region/emissions precursor species, this study will
be the first to quantify the PM2.5 and O3 premature mortalities in each of our 12 states, Washington
D.C. and four MSAs attributable to precursor emissions from five distinct vehicle classes from each
of the 12 states, Washington D.C. and four MSAs. We aim to quantify the largest total damages
per ton estimates in each of these 12 states, Washington D.C. and four MSAs by vehicle class,
precursor emission species, and emission source state/MSA. This study will utilize the Decoupled
Direct Method forward sensitivity modeling technique in the Community Multiscale Air Quality
Model that calculates sensitivities of PM2.5 and O3 concentrations to each of our variables of interest.
This information is critical in developing effective emission control strategies, especially in a region
as heavily populated as the Northeast and Mid-Atlantic U.S. which contains ∼22% of the U.S.
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population.
The motivation for looking at this part of the U.S. and for utilizing this particular sensitivity
methodology is research to support the Transportation, Equity, Climate, and Health Study (TRECH
study). The TRECH study is an independent co-benefits study that looks to quantify potential health
outcomes associated with a range of cap and invest scenarios under the proposed Transportation
and Climate Initiative (TCI) (Transportation and Climate Initiative 2020), a set of policies aimed
at mitigating climate impact by reducing emissions from on-road vehicles which is expected to
have health benefits due to better air quality (Mittal et al. 2015, Driscoll et al. 2015, Buonocore
et al. 2016, Buonocore et al. 2018). This research, that quantifies damages per ton due to vehicle
classes by source regions, is a key component of the TRECH study that aims to quantify the air
quality and health-related impacts of on-road vehicle classes’ emissions in each of the states that
make up the TCI region as well as each state’s impact on other states within the region.
3.2 Methods
3.2.1 Air quality modeling
The Community Multi-Scale Air Quality Model (CMAQ) is used to quantify PM2.5 and O3
concentrations across the model domain using a 2016 air quality modeling platform. The Decoupled
Direct Method (Dunker 1984, Napelenok et al. 2006, Koo et al. 2007, Napelenok et al. 2008) (DDM)
as implemented in CMAQv5.2 (U.S. EPA Office of Research and Development 2017) with the Carbon
Bond 6 revision 3 mechanism (CB6r3) (Luecken et al. 2019) is used to calculate sensitivities of PM2.5
and O3 concentrations in each model grid cell to precursor emissions from on-road vehicle classes in
each source region (Towns et al. 2014). Sensitivities as calculated in the DDM framework, describe
the incremental change in pollutant concentrations with respect to model inputs across the domain
to estimate how sensitive pollutant concentrations are to a specific model input. Our modeling
domain covers the eastern half of the U.S. with 12x12 km horizontal grid cell resolution (Figure 3.4).
Precursor emissions to O3 from on-road vehicles are nitrogen oxides (NOX ) and volatile organic
compounds (VOC); and precursor emissions to PM2.5 are NOX , VOC, sulfur dioxide (SOX ), ammonia
(NH3), and directly emitted primary PM2.5 (henceforth referred to as PPM). On-road vehicle emissions
are taken from the U.S. Environmental Protection Agency’s (EPA) 2016v1 modeling platform based
on the National Emissions Inventory (NEI) (U.S. Environmental Protection Agency 2020b, National
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Emissions Inventory Collaborative 2019). On-road emissions are generated using emission factors
representative of all national fuel economy and GHG standards for vehicles as of October 2015 (U.S.
Environmental Protection Agency 2015b), county and SCC-specific activity data submitted by states
for the year 2016 (U.S. Environmental Protection Agency 2020b), and hourly meteorological data.
Five distinct vehicle class emissions inventories were generated using Sparse Matrix Operator Kernel
Emissions (Baek & Seppanen 2018) (SMOKE) modeling system according to SCC values (Table 3.10)
grouped by the MOtor Vehicle Emission Simulator (U.S. Environmental Protection Agency 2015b)
(MOVES2014a) vehicle types: Light-Duty Autos (LDA), Light-Duty Trucks (LDT), Buses (BUS),
Medium-Duty Trucks (MDT), and Heavy-Duty Trucks (HDT). Vehicle class emission inventories
were generated for twelve states in the Northeast U.S. that make up the TCI region: Connecticut
(CT), Delaware (DE), Maine (ME), Maryland (MD), Massachusetts (MA), New Hampshire (NH),
New Jersey (NJ), New York (NY), Pennsylvania (PA), Rhode Island (RI), Vermont (VT), Virginia
(VA); the District of Columbia (DC); and four large MSAs: the Boston-Cambridge-Newton, MA
NH MSA (BOSMSA), New York-Newark-Jersey City, NY NJ PA (NYMSA), Philadelphia-Camden-
Wilmington, PA NJ DE MD (PHILMSA), and the combined Baltimore-Columbia-Towson, MD
and the Washington-Arlington-Alexandria, DC VA MD WV MSAs (BALMSA). Tables 3.6-3.5
show the counties that comprise each of these source region MSAs. The resulting matrix of source-
impact sensitivities are O3 and PM2.5 concentration sensitivities to the number of precursors ×
the number of vehicle classes × the number of source states/MSAs. Hence for O3, the number of
sensitivities = 2 × 5 × 17 = 170; and for PM2.5, the number of sensitivities = 5 × 5 × 17 = 425.
CMAQ-DDM simulations are run for January and July in 2016 to represent the winter and summer
season, respectively. The results are then averaged to represent the annual contribution of precursor
emissions from the selected vehicle classes and source regions to regional O3 and PM2.5 concentrations.
Information regarding DDM calculations within CMAQ and model evaluation against observations
can be found in the supporting information.
3.2.2 Health impact assessment
Exposure to elevated levels of ground-level O3 and PM2.5 concentrations have been associated
with increased adverse health effects (Krewski et al. 2009, Laden et al. 2006, Bell et al. 2004, Jerrett
et al. 2009) leading to the development of concentration response functions (CRF) that quantify
the increased risk of adverse health effects occurring per unit increase in pollutant concentration.
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To perform the health impact assessments for all of the simulations that were done, we built a
health impact assessment tool BenMAPR. Similar to the U.S. EPA’s Benefits Mapping and Analysis
Program (BenMAP) (Sacks et al. 2018), BenMAPR is a geospatial air pollution health impact
assessment modeling platform that links air pollution exposures to data on exposed populations and
their background health. It then calculates the health impacts of these exposures using CRFs from
the epidemiological literature.
For quantifying PM2.5-attributable premature mortalities, we make use of a CRF from a recently
published meta-analysis (Vodonos et al. 2018) that found a 1.29% (95%CI 1.09-1.5) increase in
all-cause mortality per 10 µg/m3 increase in PM2.5. For O3-attributable premature mortalities,
we use a CRF associating all-cause mortality to long-term O3 exposure with a hazards ratio of
1.02 (95%CI 1.01-1.04) per 10 ppb increase in O3 (Turner et al. 2016). For both PM2.5 and
O3-attributable premature mortalities, source region and vehicle-class specific contributions were
calculated for adults 25 and over. We used linear approximations for each CRF as that has been
found to be appropriate for U.S. - relevant changes in concentrations (Schwartz et al. 2008, Vodonos
et al. 2018, Gilmore et al. 2019).
We obtained population data at U.S. Census tract level split by age from the U.S. Census
American Community Survey for the year 2018, the most recent year available. To obtain stable and
generalizable mortality rate estimates, we used an average of county level baseline mortality rates
from 1999 — 2016, the most recent years available from the U.S. Centers for Disease Control (CDC)
Wide-ranging Online Database for Epidemiologic Research (WONDER). Baseline hospitalization
and other adult morbidity data was obtained from BenMAP (Sacks et al. 2018), which sources
morbidity data from the Agency for Healthcare Research and Quality (AHRP) Healthcare Cost and
Utilization Project (HCUP) (Agency for Healthcare Research and Quality, Rockville, MD 2020).
3.2.3 Emissions
Table 3.1 shows the emission totals in the TCI region by vehicle class for the months of January
and July. Tables 3.12-3.16 show the same for each source region. LDT are the largest source of
NOX , VOC, and SOX emissions in the 13 states (DC henceforth referred to as the 13th state) that
make up the TCI region (excluding the MSAs as they are contained within one or multiple states)
with 14,140 and 17,185 tons of NOX , 16,629 and 15,756 tons of VOC, and 218 and 284 tons of SOX
emitted in January and July, respectively. LDA are the largest source of NH3 emissions with 579
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January July
Source Vehicle NOX VOC SOX NH3 PPM NOX VOC SOX NH3 PPM
LDA 8638 15258 186 579 417 9862 14130 242 740 203
LDT 14140 16629 218 550 484 17185 15756 284 697 271
MDT 4875 1466 17 35 259 6186 1758 22 44 304
HDT 8840 900 24 42 363 11118 1073 32 53 456
BUS 1594 342 3 7 68 2017 394 5 8 86
Table 3.1: Emissions of NOX , VOC, SOX , NH3, and PPM in tons/month for January and July
2016 by each vehicle class
tons in January and 740 tons in July. For PPM emissions, LDA are the largest source in January
with 417 tons while HDT are the largest source in July with 456 tons.
Summing emissions from vehicle classes, Pennsylvania is the largest source of NOX (8,071 tons in
January and 10,440 tons in July) and VOC (7,463 tons in January and 7,008 tons in July) emissions
while New York is the largest source of SOX (99 tons in January and 134 tons in July), NH3
(243 tons in January and 327 tons in July), and PPM (348 tons in January and 311 tons in July)
emissions. In January, the individual largest emission sources for NOX , SOX , VOC, NH3, and
PPM are LDT from VA, LDT from PA, LDT from NY, LDA from NYMSA, and LDT from PA,
respectively. In July, the individual largest emission sources for NOX , SOX , VOC, NH3, and PPM
are LDT from VA, LDT from VA, LDT from NY, LDA from NY, and HDT from PA, respectively.
Figures 3.5-3.9 show the percentage of contribution to each of the total precursor emissions (from
all sources) in each source region. Light-duty vehicles predominantly emit gas-phase precursors while
heavy and medium duty trucks emit a larger portion of particle-phase emissions. Vehicular location
and distribution will determine how precursor emissions from the vehicle classes in different source
regions will impact PM2.5 and O3, both near the emission source and downwind.
3.3 Results
3.3.1 Population-weighted exposure
Table 4.1 shows the population-weighted annual mean PM2.5 and O3 sensitivities to each vehicle
class and precursor in the states that make up the TCI region. PM2.5 sensitivities are annually
averaged and O3 sensitivities are the annual average of the daily 8 hour maximum. We continue to
exclude MSAs as source regions here so as to avoid double counting the vehicle emissions contained
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in both the MSA and states within that MSA. PM2.5 sensitivities to PPM and NH3 are the largest
amongst the precursors to PM2.5 while O3 sensitivities to NOX are the largest amongst the precursors
to O3. LDA and LDT PM2.5 sensitivities to VOC, NH3, SOX , and PPM are similar in magnitude,
reflective of the magnitude and spatial distribution of the emissions of those vehicle classes. PM2.5
sensitivities to VOC, NH3, SOX , and PPM are almost entirely positive across the domain for both
months of simulation. PM2.5 sensitivities to NOX emissions in January are negative in some areas.
Aerosol NO−3 and NH
+
4 can have negative sensitivities to on-road NOX emissions primarily in
urban areas of our domain during the winter months due to the chemical system and feedback of




4 components of PM2.5. The main
drivers of wintertime inorganic aerosol chemistry are oxidant availability, cloud water chemistry,
and gas-particle partitioning which will influence how much SO2−4 is formed from SOX and the
partitioning of NH3 to NH+4 and NOX to NO
−
3 . Recent studies in the Eastern U.S. (Shah
et al. 2018, Pye et al. 2020, Vasilakos et al. 2018) have characterized the response of inorganic
aerosols to these drivers and help to explain the negative sensitivities of NO−3 and NH
+
4 to on-road
emissions of NOX in our domain during winter months.
MDT and HDT PM2.5 population-weighted sensitivities are largest with respect to PPM emissions
consistent with what we see from the emission magnitudes as compared to LDT and LDA as well as
emission percentages in each source region. BUS PM2.5 population weighted sensitivities are the
smallest of the vehicle classes with the only significant source of emissions from buses coming from
NY and VA.
O3 population weighted sensitivities to NOX emissions are larger than sensitivities to VOC for
each vehicle class. O3 sensitivities to LDT NOX emissions are the largest at 6.3e−2 ppb across the
TCI region followed by sensitivities to HDT NOX emissions at 4.0e−2 ppb. O3 sensitivities to LDA
and LDT VOC emissions are much larger than sensitivities to MDT, HDT, and BUS VOC emissions
reflecting the magnitude of VOC emissions from each vehicle class.
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PM2.5 O3
Source Vehicle NOX VOC NH3 SOX PPM NOX VOC
LDA 6.2e−4 1.7e−3 3.7e−3 1.7e−4 5.8e−3 3.3e−2 1.5e−2
LDT 1.4e−3 1.9e−3 3.3e−3 1.9e−4 6.0e−3 6.3e−2 1.6e−2
MDT 3.8e−4 2.4e−4 2.4e−4 1.5e−5 5.5e−3 2.2e−2 2.6e−3
HDT 9.3e−4 1.3e−4 3.1e−4 1.9e−5 7.2e−3 4.0e−2 1.4e−3
BUS 5.8e−5 6.0e−5 5.7e−5 3.2e−6 2.1e−3 4.7e−3 7.2e−4
Table 3.2: Population-weighted sensitivities of PM2.5 (µg/m3) and O3 (ppb) to precursors from each
vehicle class averaged across the TCI region
3.3.2 Health Impacts
Tables 3.3 and 3.4 show the total PM2.5 and O3-attributable premature mortalities across the
TCI region by vehicle class and precursor. Percentage of premature mortalities from each precursor
follows similar trends to the magnitudes of population weighted exposures. The largest source of
both PM2.5 and O3-attributable premature mortalities are LDT at 1,234 and 1,229 mortalities,
respectively. LDT PPM emissions are responsible for 46% of PM2.5 mortalities, and LDT NOX
emissions are responsible for 80% of O3 mortalities. Tables 3.19-3.30 show the breakdown of the
total premature mortalities by source state. Looking at the largest PM2.5 mortalities for each
vehicle class, the largest percentage of mortalities occur in NY except for HDT where the largest
percentage occurs in PA. When considering BUS emissions, 64.9% of premature mortalities occur in
NY, with 62.1% of those mortalities from PPM emissions. This indicates that BUS PPM emissions
in NY outweigh any other precursor and source region emissions from buses. While not included in
the total PM2.5-attributable mortalities from states that make up the TCI region (Table 3.3 and
Tables 3.19-3.23), mortalities in the MSAs we considered were similar in amount to NY, and in
some instances exceeded total mortalities in NY. PM2.5 mortalities in NYMSA were 388.7, 354.1,
302.7, 251.8, and 137.1 for LDA, LDT, MDT, HDT, and BUS emissions, respectively, showing that
more PM2.5-attributable premature mortalities are occurring in the NYMSA due to each vehicle
class rather than any individual state. This seems reasonable given the population density and
vehicle activity in the counties that comprise the NYMSA. PM2.5 mortalities for all four MSAs are
in table 3.24.
Looking at the O3 mortalities for each vehicle class, the largest percentage of mortalities occur
in PA, except for BUS, where the largest percentage occurs in NJ (although the impacts are much
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Percentage from emission precursor (%)
Source Vehicle Mortalities NOX VOC NH3 SOX PPM
LDA 1153 (974 - 1341) 5 14 31 1 47
LDT 1234 (1042 - 1434) 12 15 26 1 46
MDT 601 (507 - 698) 6 4 4 0 85
HDT 829 (701 - 964) 11 1 4 0 83
BUS 206 (174 - 240) 3 3 3 0 91
Table 3.3: Total premature mortalities in the TCI region due to long-term exposure to PM2.5
attributable to each vehicle class and the percentage attributable to each precursor
Percentage from emission precursor (%)
Source Vehicle Mortalities NOX VOC
LDA 728 (364 - 1456) 69 31
LDT 1129 (615 - 2459) 80 20
MDT 395 (197 - 790) 90 10
HDT 636 (318 - 1272) 97 3
BUS 91 (45 - 181) 88 12
Table 3.4: Total premature mortalities in the TCI region due to long-term exposure to O3 attributable
to each vehicle class and the percentage attributable to each precursor
smaller than the other vehicle classes due to the relatively small percentage of NOX and VOC
emitted from buses). Total PM2.5-attributable mortalities exceed O3-attributable mortalities in
the TCI region, however the largest individual impact is O3-attributable mortalities in PA by LDT
emissions.
Figures 3.1 and 3.2 allocate the PM2.5 and O3-attributable premature mortalities in each receptor
state/MSA in the TCI region to each source state’s/MSA’s vehicle emissions. Tables 3.31 and
3.32 show the exact values for each source and receptor where in each column, the number in bold
represents the largest impact from a given source state/MSA. Here we have summed mortalities by
precursor to give an estimate of the total premature mortalities due to the source state’s/MSA’s
vehicle class. The largest amount of premature mortalities (335), from PM2.5 or O3, occurs in
the NYMSA by emissions from LDA in NYMSA. As a source for PM2.5-attributable mortalities,
vehicles from MSAs make up 40% (34 of 85 possible instances) of the largest impacts seen in each
receptor state/MSA. As a source for O3-attributable mortalities, this number drops to 17.6% (15
of 85 possible instances). This is due to PM2.5 impacts remaining localized to the emission source
region, driven by large population-weighted sensitivities to NH3 and PPM emissions, and O3 impacts
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Figure 3.1: Premature deaths in each receptor state/MSA due to long-term exposure to PM2.5
attributable to each source state/MSA and vehicle class
largely occurring downwind of the source. Large NOX emissions in MSAs and highly populated
regions can cause O3 depletion due to the photochemical regime, which can be seen with small
negative impacts (approximately -1 premature mortalities) in DC from all vehicle class in DC,
in BOSMSA from MDT and BUS in BOSMSA, and in RI from MDT and HDT in RI; and can
be seen with large negative impacts (less than -10 premature mortalities) in NY from MDT in
NYMSA, and in NY and NYMSA from BUS in NY and NYMSA. The most impacted region by
PM2.5-attributable mortalities is NYMSA for each vehicle class from NYMSA. The most impacted
region by O3-attributable mortalities from LDA, MDT, HDT, and BUS is also NYMSA with LDA
and BUS emissions from NJ and MDT and HDT emissions from PA. For LDT, PA is the most
impacted with emissions from PA.
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Figure 3.2: Premature deaths in each receptor state/MSA due to long-term exposure to O3 attribut-
able to each source state/MSA and vehicle class
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To monetize the value of avoided mortalities we apply a value of statistical life (VSL) approach
as recommended by the EPA (U.S Environmental Protection Agency 2010) by multiplying the
number of PM2.5 and O3 attributable premature mortalities by a 2016 USD ($) income-adjusted
value of $10.3 million. The monetized value of premature mortalities in each receptor state/MSA is
divided by the emission amounts from each source region and vehicle class precursor to approximate
the economic damages per ton of precursor emitted. Figure 3.3 shows the rank-ordered top 10
damages per ton for each receptor state/MSA, where total damages reflect the sum of PM2.5 and
O3 attributable premature mortalities. By selecting only the top 10 damages per ton estimates
in each receptor state/MSA, we are able to quantify the largest economic value of avoided deaths
in each region with respect to any source region/vehicle class/precursor. Looking at precursors,
we can see that the largest monetized value of health-related benefits can be achieved by reducing
PPM and NH3. As PPM and NH3 are mainly responsible for localized impacts, each receptor
state/MSA has itself as one of its largest contributing source regions in terms of damages per ton.
The largest damages per ton is in NYMSA from BUS PPM in NYMSA at a little over $4 million.
Figures 3.22-3.28 show the top 5 damages per ton for each of the 5 precursors for PM2.5 and 2 for O3.
The top 5 damages per ton for NOX emissions to PM2.5 range from $500 - $4500; VOC emissions
to PM2.5 range from $100 - $16,000; and SOX emissions to PM2.5 range from $1,300 - $81,000.
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Figure 3.3: Top 10 damages per ton values for each receptor state/MSA
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3.4 Discussion
On-road emission sector’s impacts have been widely studied across the U.S.. Caiazzo et
al. (Caiazzo et al. 2013) quantified premature mortalities in the U.S. from road transportation
and attributed 52,800 PM2.5 and 5,250 O3 mortalities in 2005 from 2005 emissions, while a follow
up to that study (Dedoussi & Barrett 2014) found 47,780 premature PM2.5 mortalities. A recent
study (Davidson et al. 2020) attributed 9,666 PM2.5 and 1,939 O3 mortalities from 2011 emissions,
compared to our findings of 4,023 PM2.5 and 2,979 O3 mortalities in 2016 from 2016 emissions in
the TCI region. Davidson et al. further evaluated outcomes based on vehicle class fuel types, where
they attributed 2,300 PM2.5 and 410 O3 mortalities to gas cars and motorcycles, and 2,500 and
700 to light duty gas trucks. This compares to our findings that attribute 1,153 PM2.5 and 728 O3
mortalities due to LDA, and 1,234 PM2.5 and 1,129 O3 mortalities due to LDT in the TCI region.
Larger differences in O3 mortalities in our study compared to Davidson et al. can also be explained
by different CRFs being used. Davidson et al. utilized a seasonal O3 mortality CRF while we use
an annual O3 mortality CRF. As a further comparison with Davidson et al., table 3.18 shows the
total O3 mortalities by vehicle class in the TCI region calculated with an annual O3 mortality CRF
(Turner et al., 2016) and a pooled estimate from two studies, Levy et al., 2012 (Levy, Diez, Dou,
Barr & Dominici 2012a) and Zanobetti et al., 2008 (Zanobetti & Schwartz 2008), that has been
used in health benefits assessments for climate policies (Buonocore et al. 2016, Driscoll et al. 2015).
Since we have used an annual O3 mortality CRF, we made sure to assess the model performance
against hourly O3 measurements for both January and July with monitoring networks that had an
adequate number of measurements for both months in 2016 in the TCI region (See figures 3.12-3.14
and table 5.7). Dedoussi et al. 2014 evaluated results based on source states and found that in
2005 2,827, 3,982, and 3,702 PM2.5 mortalities were attributable to PA, NY, and NJ, respectively,
compared to our findings which show 854, 1,085, and 731 PM2.5 mortalities from those same states
in 2016. Estimates from Dedoussi et al. 2014 are larger than those estimated in this study likely due
to 2005 mobile source emission inventories being larger than 2016. Dedoussi et al. 2020 quantified
total PM2.5 and O3 mortalities in each state due to on-road emissions from each other state. In
2011, they found on-road emissions from NY to be responsible for 1,003 mortalities in NY and
115 in neighboring CT while we find the sum of our impacts from our five vehicle classes from NY
to be responsible for 929 mortalities in NY and 112 in CT. Caiazzo et al. evaluated outcomes in
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some major metropolitan areas and found that 3,615 PM2.5 mortalities and 3.76 O3 mortalities
in NYMSA were attributable to on-road emissions. If we sum across vehicle class emissions and
consider NYMSA vehicles only, we attribute 1,283 PM2.5 mortalities and 120.7 O3 mortalities in
NYMSA to on-road emissions. Wolfe et al. (Wolfe et al. 2019) monetizes PM2.5 damages per ton
of directly emitted PM2.5 , SOX /pSO4, and NOX from the same vehicle classes as Davidson et
al.. They find the same trend as we do in the TCI region, with NOX emissions having the lowest
damages per ton and PPM having the largest (Table 3.38) with PPM estimates being two orders of
magnitude larger than NOX estimates for all vehicle classes. Although difficult to compare across
studies due to differences in study designs, Wolfe et al. found that the average damages per ton of
PPM from light duty gas trucks in the Eastern U.S. in 2025 to be $450,000. We estimated average
LDT damages per ton of PPM in the TCI region to be $97,000. Goodkind et al. 2019 (Goodkind
et al. 2019) calculated the total PM2.5 damages in the U.S. in 2011 from light gas vehicles to be
$94.1 billion while we found total PM2.5 damages in 2016 in the TCI region from LDA and LDT to
be $25 billion.
While Wolfe et al. and Caiazzo et al. look at impacts by precursors, they exclude on-road
emissions of NH3 in their analyses. We show that on-road emissions of NH3 are the second largest
contributor to regional on-road attributable - PM2.5 concentrations, absolute health impacts (table
3.3), and damages per ton (figure 3.3) in the TCI region. NH3 is emitted from vehicles as a by-product
of catalytic technologies used in gasoline light duty vehicles (Suarez-Bertoa et al. 2014, Li et al. 2020)
and diesel particle filters in heavy-duty diesel trucks (Preble et al. 2019). Recent studies have assessed
the importance of vehicular NH3 as a contributor to PM2.5 concentrations in urban regions (Chang
et al. 2019, Osada et al. 2019, He et al. 2020, Chang et al. 2016, Sun et al. 2017a). Dedoussi et
al. 2014 found that reducing 1 Tg of NH3 emissions from road transportation is ∼20 times greater
in terms of damages reductions than a 1 Tg reduction of NOX across the U.S.. We find that in
the TCI region reducing 1 ton of NH3 emissions from LDT is ∼75 times and from HDT is ∼90
times greater in terms of damages reductions than a 1 ton reduction of NOX . Hence, any strategy
aimed at reducing the on-road vehicle sector’s impact on air pollution in urban areas must consider
reducing vehicular NH3 emissions.
In this study we have accounted for uncertainties in the premature mortality calculations by
including 95% confidence intervals for each CRF. The confidence intervals reflect the variability in
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the results from the epidemiological studies used to construct the CRFs. We also accounted for
uncertainty in the valuation of the health impacts by including lower and upper bounds for the
2016 USD ($) income-adjusted value of $10.3 million as given in 5.4. Tables 3.33-3.37 show the
valuation results with these lower and upper bounds for each vehicle class and source state’s impact
on the TCI region. We have chosen not to include uncertainty estimates, either from the confidence
intervals of the CRFs or from the bounds on the valuation amount, in the main results of this study
which are the individual source/receptor impacts in figures 3.1-3.3 (Tables 3.31 and 3.32); as the
focus of these results is the intercomparison between precursor emissions by vehicle class and source
region. The correlated uncertainties associated with each of these source/receptor estimates do not
vary between the variables we are studying. We did not account for uncertainty in the CMAQ model
output or emission inventory estimates as this would have been too computationally demanding
given the study framework. However, this can be an extension for a future study.
We make use of DDM in this study to represent the impacts from entire emission sources. This
is not the same as source apportionment and brute force methods. For an emissions-to-pollutant
system that is highly nonlinear, DDM and brute force methods will give varying results. However,
the on-road vehicle sector has been shown to be approximately linear up to a 100% perturbation for
primary PM, secondary inorganic PM, and secondary organic aerosols (Koo et al. 2009). Another
point to consider with DDM is that by summing results from individual emission sectors we may
be missing any inherent nonlinearity of the interactions between emission sectors. However, when
summing health impact results we are confident the nonlinearities from summing emission sources
are within the confidence intervals of the CRFs. The benefit of DDM is that sensitivities allow for
additional perturbations in individual emission sectors to model the expected concentration change
without re-running the model. We have chosen to run each simulation for two months of the year to
represent seasonal variations similar to work done by Penn et al. using CMAQ-DDM to quantify
impacts from residential combustion and electricity generating unit emissions (Penn, Arunachalam,
Woody, Heiger-Bernays, Tripodis & Levy 2017) and aviation emissions (Penn, Boone, Harvey,
Heiger-Bernays, Tripodis, Arunachalam & Levy 2017b); as the computational requirements to run
CMAQ-DDM to compute O3 and PM2.5 sensitivities for each source region/vehicle class/precursor
emission species at this grid resolution are immense. Future work will utilize these sensitivities
to model impacts of emission reduction strategies as dictated by illustrative policies in the TCI
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region, as well as to develop new policies for consideration. This study developed a comprehensive
source-receptor impact analysis for each state in the TCI region to determine the full impact from
multiple vehicle classes and precursor emissions. The results in this study can help inform the design
of effective emission perturbation strategies aimed at reducing air pollution and adverse health effects
in individual states and MSAs, and further provide guidance for similar analyses to be performed for
other source sectors.
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Figure 3.4: Location of the 12 states and D.C. that make up the TCI region and the 12EUS2
modeling domain (enclosed box)
3.5 Supporting Information
3.5.1 Domain and Model Setup
MSA Name FIPS code County Name
Philadelphia Camden Wilmington, PA NJ DE MD (MSA)











Table 3.5: Counties that make up PHILMSA
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MSA Name FIPS code County Name
Baltimore Columbia Towson, MD (MSA)





24035 Queen Anne’s, MD
24510 Baltimore (Independent City), MD
Washington Arlington Alexandria, DC VA MD WV (MSA)
















51510 Alexandria (Independent City), VA
51153 Prince William, VA
51600 Fairfax City, VA
51610 Falls Church City, VA
51630 Fredericksburg City, VA
51683 Manassas City, VA
51685 Manassas Park City, VA
54037 Jefferson, WV
Table 3.6: Counties that make up BALMSA
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MSA Name FIPS code County Name








Table 3.7: Counties that make up BOSMSA
MSA Name FIPS code County Name

















































































































































































































































































































































































































































































































































































































































































































































































































































Decoupled Direct Method (DDM) Most Eulerian atmospheric CTMs calculate chemical




= −∇(~u Ci) +∇( ~K Ci) +Ri + Ei (Eq.1)
In the advection-diffusion-reaction equation, Ci is the concentration of a chemical species denoted
with subscript i, ~u is the wind field, ~K is the turbulence diffusivity tensor, Ri is the reaction
rate of species i, and Ei is the emission rate of chemical species i. This ordinary differential
equation describes the change in concentration of any chemical species in the model over time.
If one were to introduce a perturbation into one of the input parameters of this equation, the
perturbation would propagate through the model over its trajectory. This is what is known as a
forward sensitivity analysis, as the concentration output will reflect that perturbation as it evolved in
the model trajectory. The Decoupled Direct Method (Dunker 1984, Napelenok et al. 2008, Napelenok
et al. 2006) is an example of a forward sensitivity analysis. Output from DDM is in the form of
sensitivity coefficients (S1i,j in Eq. Eq.2) which express the seminormalized first-order change of the
output chemical concentration (Ci) to the sensitivity parameter. The sensitivity parameter relates
to a relative change in the unperturbed sensitivity parameter through pj = εjPj = (1 + ∆εj)Pj ;
where εj represents a scaling variable with a nominal value of 1 and ∆εj represents the fractional









= −∇(~u S1i,j) +∇( ~K S1i,j) + Ji S1j + Ei (Eq.3)
which is a function of the first order sensitivity coefficients S1i,j and Ji denotes the i-th row of a
Jacobian matrix of reaction rates.
Perhaps the greatest benefit of the forward sensitivity analysis DDM is its ability to efficiently
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model a range outcomes through a perturbation in an input parameter without having to run the
CTM for each perturbation in an input parameter. In the case of perturbing an emission source,
one can run the forward sensitivity analysis once and with the resulting derivatives; quantify the
resulting concentration outputs’ changes to the perturbations of that emission source. Also, as it is a
direct result of taking the derivative of the perturbed input parameter at each model timestep, it is
able to account for small perturbations exactly without experiencing the same numerical noise of the
brute force method. And since it is calculated at each model timestep within the CTM framework,
the DDM framework can be efficiently implemented within the code without the need for a separate
routine or keeping track of tagged species.
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Vehicle Type SCC codes
Light Duty Autos 22**11**** and 22**21****
Light Duty Trucks 22**31**** and 22**32****
Buses 22**41****, 22**42****, 22**43****
Medium Duty Trucks 22**51****, 22**52****, 22**53****, 22**54****
Heavy Duty Trucks 22**61**** and 22**62****
Table 3.10: SCC codes that make up each vehicle class
















OLE Terminal Alkene bond
TERP Monoterpenes
TOL Toluene and other monoalkyl aromatics





PAR carbon-carbon single bond
SOAALK tracer for alkanes that can form secondary organic aerosol
SOX SO2 Sulfur Dioxide
NH3 NH3 Ammonia
PPM
PEC Primary Elemental Carbon
PNO3 Primary Nitrate
POC Primary Organic Carbon
PSO4 Primary Sulfate
PNH4 Primary Ammonium
PNCOM Primary non-carbon Organic Matter
Table 3.11: Emission precursors and the model species that comprise them
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LDA NOX VOC SOX NH3 PPM
January July January July January July January July January July
BALMSA 1093 1175 1793 1668 28 35 84 94 50 26
BOSMSA 492 553 949 886 13 18 38 50 25 14
CT 528 538 929 815 11 13 36 41 25 11
DC 107 124 187 199 3 3 7 8 7 3
DE 164 197 296 282 3 4 9 14 6 3
MA 739 836 1397 1304 19 26 57 75 38 20
MD 741 803 1167 1060 19 24 58 66 32 17
ME 187 237 354 323 4 5 11 17 9 5
NH 181 207 366 334 4 5 12 16 9 4
NJ 1110 1184 1714 1518 24 30 82 94 50 24
NY 1660 1982 3085 3025 41 57 117 160 90 47
NYMSA 1721 1941 2883 2794 41 56 127 159 84 45
PA 1652 1896 3287 2800 27 36 92 126 87 36
PHILMSA 685 770 1184 1073 14 20 46 58 32 16
RI 139 151 261 235 3 4 8 11 7 3
VA 1345 1604 2030 2074 26 32 84 104 51 27
VT 85 103 185 161 2 3 6 8 6 3
Table 3.12: LDA emissions of NOX , VOC, SOX , NH3, and PPM in tons/month for January and
July 2016 in each source region
LDT NOX VOC SOX NH3 PPM
January July January July January July January July January July
BALMSA 1672 1921 1782 1690 29 36 71 80 55 32
BOSMSA 645 726 894 766 14 19 32 41 26 15
CT 714 773 812 736 11 14 29 32 24 13
DC 63 74 68 68 1 2 3 4 2 1
DE 295 391 349 351 3 5 9 14 9 5
MA 989 1114 1362 1173 21 29 49 62 39 23
MD 1312 1523 1351 1273 22 27 54 61 41 25
ME 377 466 515 424 6 8 15 21 14 7
NH 321 372 407 333 5 7 13 16 12 6
NJ 1560 1767 1685 1528 26 32 66 77 50 28
NY 2284 2809 3019 2784 49 65 108 144 95 59
NYMSA 2143 2527 2555 2415 43 58 100 125 77 50
PA 2801 3593 3471 3313 34 45 94 130 101 50
PHILMSA 1038 1252 1159 1099 16 21 39 50 34 20
RI 173 198 207 185 3 3 6 8 6 3
VA 3095 3925 3156 3426 34 43 97 119 83 47
VT 156 180 227 162 3 4 7 9 8 4
Table 3.13: LDT emissions of NOX , VOC, SOX , NH3, and PPM in tons/month for January and
July 2016 in each source region
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MDT NOX VOC SOX NH3 PPM
January July January July January July January July January July
BALMSA 483.2 548.5 139.9 150.4 1.7 2.1 3.5 4.1 25.4 27.5
BOSMSA 159.2 199.2 40.3 50.7 0.6 0.8 1.2 1.5 8.3 9.9
CT 60.5 66.5 20.3 21.3 0.2 0.2 0.4 0.5 3.2 3.2
DC 34.5 37.8 7.9 8.8 0.1 0.1 0.2 0.2 2.0 2.2
DE 24.5 35.6 10.0 12.0 0.1 0.1 0.2 0.3 1.2 1.7
MA 207.2 259.6 50.4 64.7 0.8 1.1 1.6 2.0 10.7 13.0
MD 454.9 514.1 128.0 137.6 1.6 2.0 3.5 3.9 23.5 25.1
ME 157.3 214.9 51.7 60.5 0.5 0.8 1.2 1.6 8.0 10.3
NH 155.0 193.0 44.9 54.0 0.6 0.7 1.2 1.5 8.1 9.1
NJ 572.4 649.3 141.5 147.4 2.2 2.8 4.6 5.2 27.3 29.7
NY 1699.1 2222.3 476.9 591.4 5.5 7.5 10.8 14.3 95.2 117.5
NYMSA 1278.6 1603.2 331.7 391.8 4.2 5.8 8.2 10.3 68.5 84.0
PA 1073.0 1453.7 377.2 480.9 3.7 5.2 8.0 11.1 56.3 65.3
PHILMSA 317.6 393.7 91.2 107.4 1.1 1.6 2.3 2.9 16.1 18.8
RI 98.2 122.4 27.4 33.0 0.3 0.4 0.6 0.8 5.3 6.3
VA 314.7 386.8 118.8 134.4 0.9 1.2 2.0 2.5 16.8 19.4
VT 24.1 29.7 11.0 11.8 0.1 0.1 0.2 0.2 1.3 1.3
Table 3.14: MDT emissions of NOX , VOC, SOX , NH3, and PPM in tons/month for January and
July 2016 in each source region
HDT NOX VOC SOX NH3 PPM
January July January July January July January July January July
BALMSA 1048.6 1176.9 96.6 103.2 3.1 3.7 5.1 5.7 46.5 51.8
BOSMSA 450.7 567.8 45.6 53.2 1.5 1.9 2.3 3.0 20.5 25.7
CT 235.1 265.2 26.6 29.1 0.7 0.8 1.3 1.4 9.2 10.2
DC 14.5 16.0 1.6 1.7 0.0 0.0 0.1 0.1 0.8 0.9
DE 106.8 164.6 9.2 13.2 0.3 0.5 0.5 0.8 4.4 6.9
MA 817.1 1029.8 82.4 96.2 2.6 3.4 4.2 5.2 37.1 46.7
MD 1015.6 1165.7 93.6 103.5 2.9 3.6 4.9 5.6 44.6 50.8
ME 278.6 385.8 28.5 36.7 0.8 1.1 1.3 1.9 11.0 15.4
NH 120.9 152.3 12.6 15.2 0.3 0.4 0.6 0.7 4.8 6.1
NJ 1277.0 1448.2 125.7 137.4 2.8 3.3 4.9 5.5 53.4 60.0
NY 804.0 1059.9 89.5 111.0 2.2 3.1 3.7 4.9 37.1 49.0
NYMSA 1254.9 1466.3 130.0 147.1 2.9 3.6 4.9 5.7 54.7 63.8
PA 2376.1 3265.9 254.6 325.0 6.6 9.6 11.6 16.0 93.9 129.6
PHILMSA 579.7 736.8 53.7 64.3 1.6 2.2 2.7 3.4 25.6 32.6
RI 172.5 217.1 15.6 18.7 0.5 0.7 0.9 1.1 7.6 9.6
VA 1541.4 1846.2 152.3 175.6 4.2 5.3 7.6 9.1 56.3 66.9
VT 80.5 101.3 8.2 9.5 0.2 0.3 0.4 0.5 3.2 4.1
Table 3.15: HDT emissions of NOX , VOC, SOX , NH3, and PPM in tons/month for January and
July 2016 in each source region
91
BUS NOX VOC SOX NH3 PPM
January July January July January July January July January July
BALMSA 168.01 185.05 32.71 32.91 0.36 0.42 0.68 0.74 7.74 8.52
BOSMSA 24.24 30.59 5.28 4.93 0.07 0.09 0.16 0.20 1.13 1.42
CT 11.28 12.51 3.18 1.94 0.03 0.04 0.07 0.07 0.45 0.50
DC 20.68 22.77 9.60 10.23 0.04 0.04 0.08 0.09 0.88 0.97
DE 23.29 34.97 3.38 4.38 0.09 0.15 0.14 0.22 0.89 1.33
MA 29.77 37.53 7.49 6.72 0.09 0.12 0.23 0.29 1.41 1.77
MD 115.92 132.15 21.10 22.02 0.23 0.28 0.45 0.52 5.31 6.02
ME 57.41 79.93 8.32 10.47 0.09 0.13 0.15 0.21 2.68 3.66
NH 29.93 37.72 4.03 4.65 0.06 0.08 0.12 0.15 1.24 1.57
NJ 200.99 232.35 39.65 41.15 0.46 0.58 0.80 0.93 6.71 7.69
NY 659.63 870.63 131.94 161.23 1.40 1.93 2.59 3.43 29.98 39.24
NYMSA 550.23 700.65 113.04 134.61 1.07 1.46 2.01 2.56 23.48 29.98
PA 169.19 231.03 74.06 88.92 0.38 0.54 1.06 1.45 5.48 7.41
PHILMSA 108.72 138.02 32.33 37.00 0.25 0.35 0.52 0.67 3.56 4.50
RI 12.14 15.32 2.00 2.09 0.04 0.05 0.06 0.08 0.70 0.88
VA 246.56 289.34 33.92 36.66 0.41 0.51 0.76 0.87 11.60 13.53
VT 16.75 21.13 3.19 3.56 0.05 0.06 0.09 0.11 0.82 1.03
Table 3.16: BUS emissions of NOX , VOC, SOX , NH3, and PPM in tons/month for January and




Figure 3.5: Percentage of on-road NOX emissions to total NOX emissions in each source region in




Figure 3.6: Percentage of on-road VOC emissions to total VOC emissions in each source region in




Figure 3.7: Percentage of on-road SOX emissions to total SOX emissions in each source region in




Figure 3.8: Percentage of on-road NH3 emissions to total NH3 emissions in each source region in




Figure 3.9: Percentage of on-road PPM emissions to total PPM emissions in each source region in














Model % NMB % NME
PM2.5 AQS Daily 21909 8.57 9.52 11.2 51.5 20562 8.51 6.46 -24.1 42.9
CSN 4155 9.57 11.20 17 43 4115 9.20 7.32 -20.4 35.1
IMPROVE 499 4.15 4.87 17.3 49.9 491 6.69 3.99 -40.4 46.4
NO−3 CSN 771 1.93 2.21 14.5 49.5 751 0.31 0.15 -50.1 80.2
IMPROVE 499 0.97 0.93 -3.21 63.2 500 0.18 0.10 -46.4 81.8
NH+4 CSN 774 0.61 0.79 28.3 60.7 752 0.28 0.29 4.49 62.1
IMPROVE 499 0.60 0.38 -36.3 50.7 500 0.50 0.21 -57.2 60
SO2−4 CSN 772 1.15 0.88 -23 42.4 751 1.45 1.25 -13.8 30.8
IMPROVE 499 0.85 0.60 -29.9 41.3 500 1.19 0.92 -22.8 37.9
EC CSN 744 0.59 0.79 34.9 60.7 714 0.52 0.45 -14 41.2
IMPROVE 527 0.17 0.25 52.9 80.1 517 0.14 0.16 17.5 64.6
OC CSN 744 1.85 3.25 76.1 94.8 714 1.87 1.77 -5.27 35
IMPROVE 526 0.76 1.22 59.1 87.3 520 1.31 0.91 -30 46.2
O3 AQS Hourly 297106 25.04 21.67 -13.4 28.3 618488 29.23 33.80 15.6 27.4
CASTNET Hourly 36845 29.51 23.26 -21.2 27.6 36525 30.48 33.64 10.4 26.1





Figure 3.10: Normalized Mean Error (%) (top) and Normalized Mean Bias (%) (bottom) for PM2.5





Figure 3.11: Normalized Mean Error (%) (top) and Normalized Mean Bias (%) (bottom) for PM2.5





Figure 3.12: Normalized Mean Error (%) (top) and Normalized Mean Bias (%) (bottom) for O3





Figure 3.13: Normalized Mean Error (%) (top) and Normalized Mean Bias (%) (bottom) for O3





Figure 3.14: Hourly model and observation O3 concentrations (top) and hourly bias (bottom) with














































































































































































































































































































































































































































































































































































Source Vehicle PM2.5 mortalitiesVodonos et al., 2018†
O3 mortalities
Turner et al., 2016†
O3 mortalities
Pooled estimate
Levy et al. 2012 and Zanobetti et al. 2008
BUS 206 (174 - 240) 91 (45 - 181) 18 (9 - 27)
LDA 1,153 (974 - 1,341) 728 (364 - 1,456) 146 (73 - 218)
LDT 1,234 (1,042 - 1,434) 1,229 (615 - 2,459) 246 (123 - 369)
MDT 601 (507 - 698) 395 (197 - 790) 79 (39 - 118)
HDT 829 (701 - 964) 636 (318 - 1,272) 127 (64 - 191)
Total 4,023 (3,399 - 4,677) 3,079 (1,540 - 6,158) 616 (308 - 924)
Table 3.18: Total premature mortalities (95% CI) in the TCI region due to long-term exposure to
PM2.5 and O3 from each vehicle class. † CRFs used in this study
111
Percentage from emission precursor (%)
Source State Mortalities Total NOX VOC NH3 SOX PPM
LDA
CT 42.8 ( 36.2 - 49.8 ) 3.7 0.0 0.5 1.5 0.0 1.7
DC 25.2 ( 21.3 - 29.3 ) 2.2 -0.1 0.3 0.5 0.0 1.4
DE 19.0 ( 16.1 - 22.1 ) 1.6 0.1 0.4 0.6 0.0 0.5
MA 72.7 ( 61.5 - 84.6 ) 6.3 0.1 0.9 1.9 0.1 3.3
MD 124.2 ( 105.0 - 144.4 ) 10.8 0.5 2.1 3.8 0.2 4.3
ME 5.5 ( 4.7 - 6.4 ) 0.5 0.1 0.0 0.2 0.0 0.1
NH 9.8 ( 8.3 - 11.4 ) 0.8 0.1 0.2 0.3 0.0 0.3
NJ 216.7 ( 183.1 - 252.0 ) 18.8 -0.5 2.2 7.0 0.2 9.9
NY 280.8 ( 237.3 - 326.6 ) 24.4 1.4 2.2 7.1 0.4 13.3
PA 236.2 ( 199.6 - 274.7 ) 20.5 1.9 4.1 5.5 0.2 8.8
RI 12.0 ( 10.1 - 13.9 ) 1.0 0.1 0.1 0.3 0.0 0.5
VA 104.9 ( 88.6 - 122.0 ) 9.1 1.6 1.3 2.9 0.1 3.1
VT 3.1 ( 2.6 - 3.6 ) 0.3 0.1 0.0 0.1 0.0 0.1
Table 3.19: Premature mortalities in the TCI region due to long-term exposure to PM2.5 attributable
to LDA from each source state and the percentage attributable to each precursor
Percentage from emission precursor (%)
Source State Mortalities Total NOX VOC NH3 SOX PPM
LDT
CT 39.9 ( 33.7 - 46.3 ) 3.2 0.0 0.4 1.1 0.1 1.6
DC 10.3 ( 8.7 - 12.0 ) 0.8 0.0 0.1 0.2 0.0 0.5
DE 23.2 ( 19.6 - 27.0 ) 1.9 0.3 0.4 0.5 0.0 0.6
MA 70.5 ( 59.5 - 81.9 ) 5.7 0.2 0.8 1.5 0.1 3.1
MD 143.6 ( 121.3 - 166.9 ) 11.6 1.1 2.3 3.3 0.2 4.8
ME 8.2 ( 7.0 - 9.6 ) 0.7 0.2 0.1 0.2 0.0 0.2
NH 12.1 ( 10.2 - 14.0 ) 1.0 0.2 0.2 0.2 0.0 0.4
NJ 199.8 ( 168.8 - 232.3 ) 16.2 -0.4 2.2 5.3 0.2 8.9
NY 281.6 ( 237.9 - 327.4 ) 22.8 2.1 2.0 5.7 0.4 12.6
PA 276.2 ( 233.4 - 321.2 ) 22.4 3.7 4.2 5.1 0.3 9.1
RI 10.4 ( 8.8 - 12.1 ) 0.8 0.1 0.1 0.2 0.0 0.5
VA 153.4 ( 129.6 - 178.3 ) 12.4 3.8 1.7 2.7 0.2 4.0
VT 4.5 ( 3.8 - 5.2 ) 0.4 0.2 0.0 0.1 0.0 0.1
Table 3.20: Premature mortalities in the TCI region due to long-term exposure to PM2.5 attributable
to LDT from each source state and the percentage attributable to each precursor
112
Percentage from emission precursor (%)
Source State Mortalities Total NOX VOC NH3 SOX PPM
MDT
CT 4.1 ( 3.5 - 4.8 ) 0.7 0.0 0.0 0.0 0.0 0.6
DC 7.1 ( 6.0 - 8.3 ) 1.2 -0.1 0.0 0.0 0.0 1.2
DE 2.2 ( 1.8 - 2.5 ) 0.4 0.0 0.0 0.0 0.0 0.3
MA 15.4 ( 13.0 - 17.9 ) 2.6 0.0 0.1 0.1 0.0 2.4
MD 53.2 ( 45.0 - 61.9 ) 8.9 0.5 0.6 0.5 0.0 7.2
ME 3.4 ( 2.9 - 3.9 ) 0.6 0.2 0.0 0.0 0.0 0.3
NH 5.5 ( 4.7 - 6.4 ) 0.9 0.2 0.0 0.1 0.0 0.7
NJ 83.7 ( 70.8 - 97.4 ) 13.9 -0.6 0.6 0.9 0.0 13.0
NY 287.4 ( 242.8 - 334.1 ) 47.8 2.3 1.0 1.3 0.1 43.2
PA 108.9 ( 92.0 - 126.7 ) 18.1 3.1 1.1 1.0 0.1 12.8
RI 7.7 ( 6.5 - 9.0 ) 1.3 0.1 0.0 0.1 0.0 1.1
VA 21.2 ( 17.9 - 24.7 ) 3.5 0.7 0.2 0.1 0.0 2.5
VT 0.6 ( 0.5 - 0.7 ) 0.1 0.0 0.0 0.0 0.0 0.0
Table 3.21: Premature mortalities in the TCI region due to long-term exposure to PM2.5 attributable
to MDT from each source state and the percentage attributable to each precursor
Percentage from emission precursor (%)
Source State Mortalities Total NOX VOC NH3 SOX PPM
HDT
CT 14.2 ( 12.0 - 16.5 ) 1.7 0.0 0.0 0.1 0.0 1.5
DC 3.4 ( 2.9 - 4.0 ) 0.4 0.0 0.0 0.0 0.0 0.4
DE 8.8 ( 7.4 - 10.2 ) 1.1 0.2 0.0 0.1 0.0 0.8
MA 62.6 ( 52.9 - 72.8 ) 7.5 0.4 0.1 0.2 0.0 6.8
MD 116.4 ( 98.4 - 135.4 ) 14.0 1.2 0.3 0.6 0.0 12.0
ME 6.7 ( 5.6 - 7.7 ) 0.8 0.3 0.0 0.0 0.0 0.5
NH 4.2 ( 3.5 - 4.9 ) 0.5 0.1 0.0 0.0 0.0 0.3
NJ 209.8 ( 177.2 - 243.9 ) 25.3 -1.2 0.3 0.8 0.0 25.3
NY 101.0 ( 85.4 - 117.5 ) 12.2 1.3 0.1 0.3 0.0 10.4
PA 216.8 ( 183.2 - 252.1 ) 26.1 5.7 0.5 1.1 0.1 18.8
RI 13.3 ( 11.2 - 15.4 ) 1.6 0.2 0.0 0.1 0.0 1.4
VA 70.2 ( 59.4 - 81.7 ) 8.5 3.0 0.1 0.3 0.0 5.0
VT 1.9 ( 1.6 - 2.2 ) 0.2 0.1 0.0 0.0 0.0 0.1
Table 3.22: Premature mortalities in the TCI region due to long-term exposure to PM2.5 attributable
to HDT from each source state and the percentage attributable to each precursor
113
Percentage from emission precursor (%)
Source State Mortalities Total NOX VOC NH3 SOX PPM
BUS
CT 0.6 ( 0.5 - 0.7 ) 0.3 0.0 0.0 0.0 0.0 0.3
DC 3.0 ( 2.6 - 3.5 ) 1.5 -0.1 0.1 0.0 0.0 1.5
DE 1.6 ( 1.4 - 1.9 ) 0.8 0.1 0.0 0.1 0.0 0.6
MA 2.1 ( 1.8 - 2.4 ) 1.0 0.0 0.0 0.0 0.0 0.9
MD 11.1 ( 9.4 - 13.0 ) 5.4 0.3 0.2 0.2 0.0 4.7
ME 1.2 ( 1.0 - 1.4 ) 0.6 0.2 0.0 0.0 0.0 0.4
NH 0.9 ( 0.7 - 1.0 ) 0.4 0.1 0.0 0.0 0.0 0.3
NJ 20.8 ( 17.5 - 24.1 ) 10.1 -0.4 0.5 0.5 0.0 9.5
NY 133.8 ( 113.1 - 155.6) 64.9 0.4 1.2 1.1 0.1 62.1
PA 15.9 ( 13.5 - 18.5 ) 7.7 0.7 0.4 0.4 0.0 6.1
RI 1.0 ( 0.9 - 1.2 ) 0.5 0.0 0.0 0.0 0.0 0.5
VA 13.6 ( 11.5 - 15.8 ) 6.6 1.6 0.1 0.2 0.0 4.7
VT 0.4 ( 0.3 - 0.4 ) 0.2 0.1 0.0 0.0 0.0 0.1
Table 3.23: Premature mortalities in the TCI region due to long-term exposure to PM2.5 attributable



















































































































































































































































































































Percentage from emission precursor (%)
Source State Mortalities Total NOX VOC
LDA
CT 40.9 ( 20.4 - 81.8 ) 5.6 4.4 1.2
DC 8.9 ( 4.5 - 17.8 ) 1.2 0.7 0.6
DE 23.5 ( 11.8 - 47.1 ) 3.2 2.6 0.6
MA 34.8 ( 17.4 - 69.7 ) 4.8 3.1 1.7
MD 83.3 ( 41.7 - 166.7 ) 11.4 8.6 2.8
ME 7.4 ( 3.7 - 14.8 ) 1.0 0.9 0.1
NH 8.8 ( 4.4 - 17.6 ) 1.2 0.9 0.3
NJ 109.3 ( 54.6 - 218.6 ) 15.0 9.7 5.3
NY 113.6 ( 56.8 - 227.1 ) 15.6 8.1 7.5
PA 173.0 ( 86.5 - 345.9 ) 23.8 16.8 7.0
RI 8.1 ( 4.0 - 16.2 ) 1.1 0.8 0.3
VA 111.3 ( 55.6 - 222.5 ) 15.3 12.0 3.3
VT 5.1 ( 2.6 - 10.2 ) 0.7 0.6 0.1
Table 3.25: Premature mortalities in the TCI region due to long-term exposure to O3 attributable
to LDA from each source state and the percentage attributable to each precursor
Percentage from emission precursor (%)
Source State Mortalities Total NOX VOC
LDT
CT 58.7 ( 29.3 - 117.3 ) 4.8 4.1 0.7
DC 5.0 ( 2.5 - 10.0 ) 0.4 0.3 0.1
DE 45.2 ( 22.6 - 90.4 ) 3.7 3.2 0.5
MA 46.9 ( 23.5 - 93.8 ) 3.8 2.8 1.0
MD 152.4 ( 76.2 - 304.8 ) 12.4 10.4 2.0
ME 13.6 ( 6.8 - 27.1 ) 1.1 1.0 0.1
NH 13.8 ( 6.9 - 27.7 ) 1.1 0.9 0.2
NJ 163.9 ( 82.0 - 327.9 ) 13.3 9.9 3.5
NY 153.2 ( 76.6 - 306.5 ) 12.5 8.1 4.4
PA 305.8 ( 152.9 - 611.6 ) 24.9 20.2 4.7
RI 10.4 ( 5.2 - 20.8 ) 0.8 0.7 0.2
VA 251.9 ( 126.0 - 503.8 ) 20.5 17.6 2.9
VT 8.6 ( 4.3 - 17.2 ) 0.7 0.6 0.1
Table 3.26: Premature mortalities in the TCI region due to long-term exposure to O3 attributable
to LDT from each source state and the percentage attributable to each precursor
116
Percentage from emission precursor (%)
Source State Mortalities Total NOX VOC
MDT
CT 5.6 ( 2.8 - 11.2 ) 1.4 1.3 0.1
DC 2.5 ( 1.2 - 5.0 ) 0.6 0.5 0.1
DE 4.4 ( 2.2 - 8.8 ) 1.1 1.1 0.1
MA 12.0 ( 6.0 - 24.0 ) 3.0 2.8 0.3
MD 51.9 ( 26.0 - 103.9 ) 13.2 12.3 0.9
ME 6.8 ( 3.4 - 13.5 ) 1.7 1.7 0.1
NH 8.3 ( 4.1 - 16.5 ) 2.1 2.0 0.1
NJ 60.9 ( 30.5 - 121.8 ) 15.4 13.9 1.6
NY 90.2 ( 45.1 - 180.4 ) 22.8 18.9 3.9
PA 116.8 ( 58.4 - 233.5 ) 29.6 27.4 2.1
RI 7.3 ( 3.6 - 14.6 ) 1.8 1.7 0.1
VA 26.9 ( 13.4 - 53.8 ) 6.8 6.4 0.5
VT 1.3 ( 0.7 - 2.7 ) 0.3 0.3 0.0
Table 3.27: Premature mortalities in the TCI region due to long-term exposure to O3 attributable
to MDT from each source state and the percentage attributable to each precursor
Percentage from emission precursor (%)
Source State Mortalities Total NOX VOC
HDT
CT 18.7 ( 9.4 - 37.4 ) 2.9 2.9 0.1
DC 0.7 ( 0.4 - 1.5 ) 0.1 0.1 0.0
DE 17.0 ( 8.5 - 34.1 ) 2.7 2.6 0.0
MA 37.5 ( 18.8 - 75.0 ) 5.9 5.7 0.2
MD 93.1 ( 46.6 - 186.2 ) 14.6 14.2 0.4
ME 11.3 ( 5.6 - 22.6 ) 1.8 1.8 0.0
NH 5.6 ( 2.8 - 11.1 ) 0.9 0.9 0.0
NJ 85.8 ( 42.9 - 171.6 ) 13.5 12.6 0.9
NY 39.5 ( 19.8 - 79.1 ) 6.2 5.9 0.3
PA 216.8 ( 108.4 - 433.7 ) 34.1 33.2 0.9
RI 9.5 ( 4.8 - 19.0 ) 1.5 1.5 0.0
VA 96.2 ( 48.1 - 192.4 ) 15.1 14.8 0.3
VT 4.1 ( 2.1 - 8.2 ) 0.6 0.6 0.0
Table 3.28: Premature mortalities in the TCI region due to long-term exposure to O3 attributable
to HDT from each source state and the percentage attributable to each precursor
117
Percentage from emission precursor (%)
Source State Mortalities Total NOX VOC
BUS
CT 1.0 ( 0.5 - 2.1 ) 1.2 1.1 0.0
DC 1.5 ( 0.8 - 3.1 ) 1.7 1.5 0.2
DE 4.3 ( 2.2 - 8.6 ) 4.8 4.7 0.1
MA 1.9 ( 0.9 - 3.7 ) 2.1 1.9 0.1
MD 13.1 ( 6.6 - 26.2 ) 14.4 13.9 0.6
ME 2.6 ( 1.3 - 5.2 ) 2.8 2.8 0.0
NH 1.6 ( 0.8 - 3.2 ) 1.7 1.7 0.0
NJ 20.5 ( 10.3 - 41.0 ) 22.6 20.7 1.9
NY 8.1 ( 4.0 - 16.1 ) 8.9 2.1 6.8
PA 15.6 ( 7.8 - 31.1 ) 17.2 16.0 1.1
RI 0.9 ( 0.5 - 1.8 ) 1.0 1.0 0.1
VA 18.7 ( 9.3 - 37.3 ) 20.6 20.0 0.5
VT 1.0 ( 0.5 - 1.9 ) 1.1 1.0 0.0
Table 3.29: Premature mortalities in the TCI region due to long-term exposure to O3 attributable











































































































































































































































































































BALMSA BOSMSA CT DC DE MA MD ME NH NJ NY NYMSA PA PHILMSA RI VA VT
LDA
BALMSA 116.0 1.1 1.3 19.5 2.4 1.7 75.4 0.1 0.2 12.4 14.9 20.5 29.0 15.9 0.4 30.4 0.1
BOSMSA 0.7 38.4 1.0 0.1 0.1 40.5 0.5 1.2 2.2 1.4 2.4 3.0 1.3 1.1 1.5 0.3 0.1
CT 0.7 2.7 23.7 0.1 0.1 5.4 0.6 0.3 0.6 2.0 6.6 7.6 1.4 1.0 1.5 0.4 0.1
DC 18.7 0.1 0.1 9.4 0.2 0.2 6.9 0.0 0.0 1.2 1.1 1.6 2.8 1.8 0.0 3.3 0.0
DE 1.1 0.3 0.4 0.1 5.0 0.4 1.2 0.0 0.0 3.6 3.0 4.5 4.5 8.5 0.1 0.7 0.0
MA 1.0 41.9 2.8 0.1 0.2 54.2 0.8 1.3 1.5 2.2 4.0 4.9 1.9 1.6 3.2 0.4 0.1
MD 70.2 0.8 1.0 6.0 2.4 1.3 62.5 0.1 0.1 9.8 11.4 16.1 20.1 12.7 0.3 9.2 0.1
ME 0.1 1.0 0.2 0.0 0.0 1.1 0.0 3.1 0.4 0.1 0.3 0.4 0.1 0.1 0.1 0.0 0.0
NH 0.2 4.0 0.4 0.0 0.0 3.5 0.1 0.5 3.3 0.4 0.8 1.0 0.3 0.3 0.3 0.1 0.1
NJ 3.7 2.3 5.7 0.4 1.2 4.1 3.1 0.4 0.4 113.0 72.3 165.0 13.0 21.8 0.8 2.6 0.1
NY 3.6 6.6 14.2 0.4 0.7 11.1 2.8 1.0 1.4 19.6 216.0 199.0 8.6 6.0 2.1 2.3 0.7
NYMSA 4.8 4.8 15.7 0.6 1.1 8.7 3.8 0.8 0.9 105.0 238.0 335.0 8.9 8.1 2.0 3.2 0.3
PA 16.1 2.9 5.3 1.6 4.1 4.9 13.6 0.4 0.5 33.5 34.5 47.9 131.0 75.8 1.1 5.9 0.3
PHILMSA 3.9 1.1 2.2 0.4 6.0 1.8 3.8 0.2 0.2 29.9 14.6 23.8 59.4 76.6 0.4 2.3 0.1
RI 0.1 1.7 0.5 0.0 0.0 3.1 0.1 0.2 0.1 0.4 0.6 0.8 0.2 0.1 6.7 0.1 0.0
VA 37.7 0.9 1.2 5.3 1.0 1.6 15.4 0.1 0.2 5.8 8.6 10.5 15.3 7.3 0.4 49.9 0.1
VT 0.1 0.6 0.2 0.0 0.0 0.8 0.0 0.1 0.3 0.2 0.5 0.4 0.1 0.1 0.1 0.0 0.8
BALMSA BOSMSA CT DC DE MA MD ME NH NJ NY NYMSA PA PHILMSA RI VA VT
LDT
BALMSA 112.0 1.3 1.6 13.7 2.6 2.1 77.3 0.2 0.2 12.9 17.6 23.5 28.8 15.6 0.5 30.7 0.1
BOSMSA 0.5 36.1 1.0 0.1 0.1 37.9 0.4 1.2 2.2 1.3 2.1 2.7 1.1 0.9 1.5 0.2 0.1
CT 0.5 2.7 21.9 0.1 0.1 5.3 0.4 0.3 0.5 1.9 6.2 7.2 1.2 0.8 1.6 0.3 0.1
DC 7.7 0.0 0.1 3.8 0.1 0.1 2.8 0.0 0.0 0.5 0.5 0.7 1.1 0.7 0.0 1.4 0.0
DE 1.3 0.4 0.5 0.1 5.7 0.6 1.5 0.0 0.0 4.3 3.9 5.7 5.4 9.8 0.2 1.0 0.0
MA 0.8 39.7 2.9 0.1 0.2 52.4 0.7 1.4 1.4 2.1 3.7 4.5 1.8 1.4 3.3 0.4 0.1
MD 77.0 1.2 1.4 6.3 3.1 1.9 69.6 0.1 0.2 11.7 15.2 20.9 22.9 15.1 0.4 10.6 0.1
ME 0.1 1.6 0.2 0.0 0.0 1.7 0.1 4.5 0.6 0.2 0.5 0.6 0.2 0.1 0.2 0.0 0.1
NH 0.2 4.9 0.5 0.0 0.0 4.4 0.2 0.6 3.9 0.5 1.0 1.2 0.4 0.3 0.4 0.1 0.1
NJ 3.4 2.2 5.2 0.3 1.3 3.9 2.9 0.4 0.4 103.0 65.9 147.0 13.1 23.1 0.9 2.7 0.1
NY 3.6 7.9 14.2 0.4 0.8 12.9 2.9 1.2 1.6 20.2 212.0 193.0 9.7 6.5 2.4 2.3 0.8
NYMSA 4.1 4.5 14.2 0.5 1.0 8.1 3.2 0.8 0.8 92.2 220.0 306.0 7.6 7.1 1.9 3.0 0.2
PA 20.6 3.9 6.6 2.1 4.7 6.5 17.4 0.5 0.7 38.4 43.9 59.1 146.0 79.5 1.4 7.4 0.3
PHILMSA 3.9 1.2 2.1 0.3 6.3 1.9 3.9 0.2 0.2 30.0 14.8 23.6 57.4 75.6 0.4 2.5 0.1
RI 0.0 1.6 0.5 0.0 0.0 2.7 0.0 0.2 0.1 0.3 0.5 0.8 0.2 0.1 5.7 0.0 0.0
VA 47.8 1.7 2.2 6.1 1.7 3.0 22.2 0.2 0.3 9.4 14.9 17.9 24.0 11.7 0.7 68.5 0.2
VT 0.1 0.9 0.2 0.0 0.0 1.2 0.1 0.2 0.4 0.3 0.7 0.7 0.2 0.1 0.2 0.0 1.0
BALMSA BOSMSA CT DC DE MA MD ME NH NJ NY NYMSA PA PHILMSA RI VA VT
MDT
BALMSA 47.1 0.4 0.4 7.6 0.7 0.6 33.7 0.0 0.1 2.5 4.2 5.3 4.6 2.6 0.1 8.3 0.0
BOSMSA -0.1 10.0 0.1 0.0 0.0 9.9 0.0 0.4 0.9 0.1 0.1 0.1 0.1 0.0 0.3 0.0 0.0
CT 0.0 0.2 2.7 0.0 0.0 0.5 0.0 0.0 0.0 0.1 0.6 0.7 0.1 0.0 0.1 0.0 0.0
DC 6.3 0.0 0.0 3.5 0.0 0.0 2.1 0.0 0.0 0.1 0.2 0.3 0.2 0.1 0.0 0.9 0.0
DE 0.1 0.0 0.0 0.0 0.7 0.1 0.1 0.0 0.0 0.4 0.3 0.4 0.5 1.1 0.0 0.1 0.0
MA -0.1 10.0 0.5 0.0 0.0 13.1 0.0 0.3 0.3 0.2 0.2 0.3 0.1 0.1 0.6 0.0 0.0
MD 35.4 0.4 0.4 3.2 1.0 0.7 32.0 0.0 0.1 2.7 4.2 5.4 5.1 3.5 0.2 3.6 0.0
ME 0.0 0.5 0.1 0.0 0.0 0.6 0.0 2.1 0.2 0.1 0.2 0.2 0.0 0.0 0.1 0.0 0.0
NH 0.0 2.4 0.1 0.0 0.0 2.0 0.0 0.3 2.3 0.2 0.3 0.4 0.1 0.1 0.1 0.0 0.1
NJ 0.9 0.6 1.5 0.1 0.4 1.0 0.8 0.1 0.1 45.8 27.5 63.8 5.3 11.2 0.3 0.8 0.0
NY 1.4 5.4 9.6 0.1 0.5 8.7 1.3 0.8 1.1 17.0 239.0 230.0 5.7 4.1 1.7 1.1 0.6
NYMSA 1.1 2.5 8.6 0.1 0.5 4.4 1.1 0.4 0.4 48.7 233.0 278.0 3.4 3.7 1.2 1.1 0.1
PA 6.5 1.5 2.2 0.6 1.5 2.4 5.8 0.2 0.3 13.7 15.2 20.3 64.1 31.5 0.5 2.4 0.1
PHILMSA 1.3 0.3 0.4 0.1 1.4 0.5 1.4 0.0 0.1 12.2 4.1 6.8 23.8 32.1 0.1 0.8 0.0
RI 0.0 1.0 0.2 0.0 0.0 1.8 0.0 0.1 0.1 0.2 0.3 0.4 0.1 0.0 5.1 0.0 0.0
VA 8.5 0.2 0.2 1.3 0.2 0.3 3.1 0.0 0.0 0.9 1.5 1.8 2.3 1.1 0.1 11.3 0.0
VT 0.0 0.1 0.0 0.0 0.0 0.1 0.0 0.0 0.1 0.0 0.1 0.1 0.0 0.0 0.0 0.0 0.1
BALMSA BOSMSA CT DC DE MA MD ME NH NJ NY NYMSA PA PHILMSA RI VA VT
HDT
BALMSA 93.8 0.7 0.9 9.9 1.5 1.2 73.2 0.1 0.1 4.7 7.9 10.1 9.5 5.8 0.3 15.5 0.0
BOSMSA -0.2 33.5 0.2 0.0 0.0 34.7 -0.1 0.8 1.1 0.3 0.3 0.3 0.1 0.1 0.9 0.0 0.0
CT -0.1 0.9 9.1 0.0 0.0 1.7 0.0 0.1 0.1 0.5 1.9 2.3 0.2 0.1 0.5 0.0 0.0
DC 3.1 0.0 0.0 1.7 0.0 0.0 1.1 0.0 0.0 0.0 0.1 0.1 0.1 0.0 0.0 0.4 0.0
DE 0.3 0.1 0.2 0.0 2.9 0.2 0.5 0.0 0.0 1.5 1.0 1.4 2.1 4.3 0.1 0.3 0.0
MA -0.2 39.5 2.0 -0.1 0.0 53.3 0.0 1.1 1.1 0.8 1.3 1.4 0.4 0.3 2.5 0.0 0.1
MD 80.3 0.8 0.9 7.1 2.3 1.3 72.9 0.1 0.1 5.2 8.2 10.5 10.9 8.0 0.3 7.0 0.1
ME 0.0 1.1 0.2 0.0 0.0 1.2 0.0 4.1 0.4 0.2 0.4 0.4 0.1 0.1 0.1 0.0 0.0
NH 0.0 1.9 0.1 0.0 0.0 1.5 0.0 0.3 1.7 0.1 0.2 0.3 0.1 0.1 0.1 0.0 0.0
NJ 1.0 0.9 3.3 0.1 0.6 1.7 1.1 0.2 0.2 114.0 79.1 179.0 7.9 16.0 0.5 1.1 0.1
NY 0.7 2.3 3.5 0.1 0.2 3.7 0.6 0.4 0.5 5.7 82.1 69.6 2.9 1.8 0.7 0.4 0.3
NYMSA 0.9 1.2 5.2 0.1 0.4 2.4 0.9 0.3 0.3 102.0 136.0 234.0 3.1 3.6 0.7 0.9 0.1
PA 12.3 2.7 3.9 1.2 3.0 4.4 11.0 0.4 0.5 26.8 28.8 39.1 132.0 62.7 0.9 4.2 0.2
PHILMSA 1.9 0.6 0.6 0.2 3.6 0.8 2.2 0.1 0.1 19.7 6.6 11.3 44.9 59.2 0.2 1.2 0.0
RI -0.1 2.0 0.4 0.0 0.0 3.5 0.0 0.2 0.1 0.3 0.5 0.6 0.1 0.0 8.2 0.0 0.0
VA 21.9 0.7 0.8 2.6 0.7 1.2 9.8 0.1 0.1 3.4 5.8 6.7 8.6 4.0 0.3 37.0 0.1
VT 0.0 0.4 0.1 0.0 0.0 0.5 0.0 0.1 0.2 0.1 0.3 0.2 0.1 0.0 0.1 0.0 0.5
BALMSA BOSMSA CT DC DE MA MD ME NH NJ NY NYMSA PA PHILMSA RI VA VT
BUS
BALMSA 13.5 0.1 0.1 2.8 0.2 0.2 8.2 0.0 0.0 0.6 1.1 1.4 1.0 0.5 0.0 3.2 0.0
BOSMSA 0.0 1.3 0.0 0.0 0.0 1.3 0.0 0.1 0.1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
CT 0.0 0.0 0.4 0.0 0.0 0.1 0.0 0.0 0.0 0.0 0.1 0.1 0.0 0.0 0.0 0.0 0.0
DC 2.7 0.0 0.0 1.5 0.0 0.0 0.9 0.0 0.0 0.0 0.1 0.1 0.0 0.0 0.0 0.4 0.0
DE 0.1 0.0 0.0 0.0 0.5 0.0 0.1 0.0 0.0 0.3 0.2 0.3 0.4 0.8 0.0 0.1 0.0
MA 0.0 1.3 0.1 0.0 0.0 1.8 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.1 0.0 0.0
MD 7.6 0.1 0.1 0.7 0.2 0.2 6.9 0.0 0.0 0.5 0.9 1.1 0.9 0.6 0.0 0.8 0.0
ME 0.0 0.2 0.0 0.0 0.0 0.2 0.0 0.8 0.1 0.0 0.1 0.1 0.0 0.0 0.0 0.0 0.0
NH 0.0 0.4 0.0 0.0 0.0 0.3 0.0 0.1 0.4 0.0 0.1 0.1 0.0 0.0 0.0 0.0 0.0
NJ 0.2 0.1 0.4 0.0 0.1 0.2 0.2 0.0 0.0 11.1 7.3 16.5 1.1 2.2 0.1 0.2 0.0
NY 0.3 1.4 3.1 0.0 0.2 2.3 0.3 0.2 0.3 7.9 117.0 118.0 1.6 1.3 0.5 0.3 0.1
NYMSA 0.1 0.5 2.8 0.0 0.2 1.1 0.2 0.1 0.1 15.6 116.0 130.0 0.8 1.0 0.3 0.3 0.0
PA 0.7 0.2 0.2 0.1 0.2 0.3 0.6 0.0 0.0 2.1 1.7 2.3 10.5 7.7 0.1 0.3 0.0
PHILMSA 0.3 0.1 0.1 0.0 0.5 0.1 0.3 0.0 0.0 2.6 0.7 1.2 7.0 9.2 0.0 0.2 0.0
RI 0.0 0.1 0.0 0.0 0.0 0.2 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.7 0.0 0.0
VA 4.8 0.1 0.1 0.8 0.1 0.2 1.8 0.0 0.0 0.6 1.0 1.2 1.4 0.7 0.1 7.5 0.0
VT 0.0 0.1 0.0 0.0 0.0 0.1 0.0 0.0 0.0 0.0 0.1 0.1 0.0 0.0 0.0 0.0 0.1
Table 3.31: Premature mortalities in each receptor state/MSA due to long-term exposure to PM2.5




BALMSA BOSMSA CT DC DE MA MD ME NH NJ NY NYMSA PA PHILMSA RI VA VT
LDA
BALMSA 38.3 3.5 2.9 2.0 3.9 5.5 31.3 0.3 0.7 15.1 17.3 22.8 27.2 19.9 1.3 14.8 0.2
BOSMSA 0.1 4.1 1.3 0.0 0.1 5.7 0.1 2.0 1.3 1.8 3.0 3.9 1.2 1.0 1.2 0.1 0.1
CT 0.2 4.5 9.1 0.0 0.3 8.4 0.3 0.4 0.7 4.4 13.2 15.7 1.6 1.7 2.3 0.2 0.1
DC 1.4 0.3 0.3 -1.9 0.3 0.5 3.4 0.0 0.1 1.4 1.7 2.2 2.2 1.7 0.1 0.9 0.0
DE 1.8 0.9 1.0 0.2 0.8 1.5 1.7 0.1 0.1 5.9 4.6 6.9 6.3 7.5 0.4 1.0 0.0
MA 0.1 9.2 3.3 0.0 0.2 13.4 0.2 2.3 1.8 3.3 5.5 7.3 2.0 1.7 2.6 0.2 0.2
MD 22.4 2.7 2.1 1.9 3.3 4.2 20.0 0.2 0.5 11.0 11.9 16.2 20.3 15.2 1.0 6.6 0.2
ME 0.1 1.6 0.4 0.0 0.0 1.9 0.1 1.8 0.6 0.5 1.1 1.2 0.4 0.2 0.3 0.1 0.1
NH 0.1 3.6 0.4 0.0 0.0 3.9 0.1 0.9 1.3 0.5 1.0 1.2 0.3 0.2 0.3 0.0 0.1
NJ 2.6 4.6 7.9 0.2 1.3 7.6 2.7 0.6 0.7 24.6 51.3 67.9 9.0 11.1 1.8 1.4 0.2
NY 3.5 9.3 17.5 0.3 1.3 16.8 3.3 1.6 2.1 19.7 31.6 32.8 12.9 9.3 3.4 1.9 1.2
NYMSA 2.4 8.4 18.7 0.2 1.5 14.6 2.7 1.2 1.2 25.3 36.2 52.9 9.5 10.8 3.5 1.6 0.3
PA 14.0 4.7 6.4 1.1 3.6 7.7 12.6 0.9 1.3 37.7 38.5 56.8 55.0 32.0 1.4 6.2 0.6
PHILMSA 3.9 2.3 2.6 0.3 1.6 3.5 3.8 0.4 0.4 24.1 17.0 30.3 15.7 19.3 0.8 1.9 0.1
RI 0.0 2.7 0.5 0.0 0.0 4.1 0.0 0.3 0.2 0.8 1.7 2.2 0.4 0.3 0.0 0.0 0.0
VA 31.7 3.0 2.7 4.4 2.4 5.1 20.8 0.3 0.5 11.0 13.8 17.1 16.5 10.8 1.3 32.3 0.2
VT 0.1 1.1 0.3 0.0 0.0 1.5 0.0 0.3 0.6 0.4 1.1 1.0 0.3 0.1 0.2 0.0 0.4
BALMSA BOSMSA CT DC DE MA MD ME NH NJ NY NYMSA PA PHILMSA RI VA VT
LDT
BALMSA 65.5 5.5 4.4 6.0 6.6 8.6 49.4 0.5 1.0 24.7 27.0 36.5 43.8 33.7 2.0 25.8 0.4
BOSMSA 0.1 5.3 1.6 0.0 0.1 7.2 0.1 2.8 1.7 2.4 4.0 5.3 1.6 1.3 1.4 0.1 0.1
CT 0.3 6.7 13.3 0.0 0.4 12.2 0.4 0.6 0.9 6.1 19.0 22.7 2.1 2.4 3.3 0.2 0.1
DC 0.6 0.2 0.2 -1.2 0.2 0.3 1.9 0.0 0.0 0.8 1.0 1.3 1.3 1.1 0.1 0.5 0.0
DE 3.6 1.9 2.0 0.3 1.6 3.0 3.4 0.2 0.2 11.2 9.2 13.8 11.5 13.6 0.8 1.8 0.1
MA 0.2 12.6 4.4 0.0 0.2 18.2 0.2 3.1 2.5 4.6 7.4 10.0 2.6 2.3 3.3 0.2 0.2
MD 39.2 5.1 3.9 3.2 6.4 8.0 35.7 0.4 0.8 20.8 21.8 30.3 37.6 29.4 1.9 11.5 0.3
ME 0.3 2.8 0.8 0.0 0.1 3.5 0.2 3.5 1.0 0.9 2.0 2.2 0.8 0.5 0.6 0.1 0.2
NH 0.1 5.8 0.7 0.0 0.0 6.1 0.1 1.6 2.3 0.6 1.5 1.7 0.3 0.2 0.4 0.1 0.2
NJ 4.2 7.2 11.7 0.4 2.0 11.7 4.3 0.9 1.0 40.3 72.5 100.0 14.3 18.0 2.8 1.8 0.3
NY 4.8 13.1 22.9 0.4 1.7 23.7 4.5 2.2 3.1 26.1 41.5 40.2 18.5 12.8 4.5 2.3 2.0
NYMSA 2.9 11.2 23.5 0.2 1.8 19.3 3.3 1.4 1.5 35.0 43.7 67.5 12.6 14.5 4.5 1.7 0.3
PA 25.7 8.0 11.3 2.1 6.2 13.2 22.9 1.5 2.2 64.4 67.4 99.5 101.0 56.0 2.4 10.3 0.9
PHILMSA 6.3 3.5 4.1 0.6 2.6 5.3 6.1 0.6 0.6 38.0 26.7 48.0 25.5 31.2 1.2 2.7 0.2
RI 0.0 3.4 0.7 0.0 0.0 5.2 0.0 0.4 0.3 1.1 2.2 3.0 0.5 0.4 0.0 0.0 0.0
VA 67.1 6.9 5.9 8.5 5.6 11.5 44.2 0.8 1.1 24.8 29.8 37.9 35.5 24.3 3.0 80.7 0.5
VT 0.1 1.9 0.5 0.0 0.0 2.5 0.1 0.5 1.1 0.6 1.8 1.6 0.4 0.2 0.3 0.1 0.6
BALMSA BOSMSA CT DC DE MA MD ME NH NJ NY NYMSA PA PHILMSA RI VA VT
MDT
BALMSA 15.7 1.3 1.2 0.9 2.3 2.1 13.3 0.1 0.3 7.9 7.6 10.7 13.3 12.0 0.5 5.5 0.1
BOSMSA 0.0 1.3 0.5 0.0 0.0 1.7 0.0 1.0 0.6 0.7 1.2 1.6 0.4 0.4 0.3 0.0 0.0
CT 0.0 0.7 0.9 0.0 0.0 1.3 0.0 0.1 0.1 0.6 2.0 2.5 0.2 0.2 0.3 0.0 0.0
DC 0.2 0.1 0.1 -0.7 0.1 0.1 0.9 0.0 0.0 0.5 0.5 0.7 0.7 0.6 0.0 0.2 0.0
DE 0.4 0.2 0.2 0.0 0.2 0.3 0.4 0.0 0.0 1.0 0.9 1.3 1.1 1.2 0.1 0.2 0.0
MA 0.0 2.9 1.4 0.0 0.0 4.3 0.0 0.8 0.7 1.2 2.0 2.7 0.6 0.6 0.8 0.0 0.0
MD 12.8 1.5 1.3 1.1 2.3 2.3 11.4 0.1 0.3 7.7 7.3 10.5 13.7 11.6 0.6 3.8 0.1
ME 0.1 1.6 0.4 0.0 0.0 2.0 0.1 1.8 0.6 0.3 0.9 0.9 0.3 0.2 0.3 0.1 0.1
NH 0.0 3.2 0.5 0.0 0.0 3.5 0.0 1.0 1.3 0.4 1.0 1.1 0.2 0.2 0.2 0.0 0.1
NJ 1.9 2.8 4.6 0.2 0.9 4.6 2.0 0.3 0.3 16.3 23.8 35.3 6.4 7.9 1.1 0.4 0.1
NY 3.2 11.1 16.5 0.3 1.3 19.6 3.1 1.6 2.5 19.7 4.9 4.2 14.1 10.4 3.8 1.0 1.6
NYMSA 1.9 8.3 14.9 0.1 1.3 14.4 2.2 0.8 1.0 19.8 -10.3 2.6 8.7 10.3 3.4 0.6 0.2
PA 10.0 2.9 4.6 0.8 2.3 4.9 9.0 0.5 0.8 25.1 26.3 40.0 38.0 19.5 0.8 3.3 0.3
PHILMSA 2.4 1.1 1.6 0.2 1.1 1.7 2.3 0.1 0.2 12.5 9.9 17.8 7.1 8.5 0.4 0.7 0.1
RI 0.0 2.3 0.4 0.0 0.0 3.4 0.0 0.3 0.2 0.9 1.9 2.5 0.4 0.3 -0.1 0.0 0.0
VA 8.6 0.6 0.6 1.2 0.7 1.1 5.6 0.1 0.1 2.7 3.2 4.2 3.5 2.8 0.3 7.9 0.0
VT 0.0 0.3 0.1 0.0 0.0 0.4 0.0 0.1 0.2 0.1 0.3 0.3 0.1 0.0 0.0 0.0 0.1
BALMSA BOSMSA CT DC DE MA MD ME NH NJ NY NYMSA PA PHILMSA RI VA VT
HDT
BALMSA 22.1 2.8 2.4 2.0 4.1 4.5 17.6 0.3 0.5 14.5 14.4 20.4 22.9 20.7 1.1 11.0 0.2
BOSMSA 0.0 -1.3 1.4 0.0 0.1 -0.3 0.0 2.2 1.2 1.9 3.3 4.5 1.1 1.0 0.9 0.0 0.1
CT 0.1 2.4 2.1 0.0 0.1 4.2 0.2 0.2 0.3 2.5 7.1 8.8 0.8 1.0 1.1 0.1 0.0
DC -0.1 0.0 0.0 -0.3 0.0 0.1 0.3 0.0 0.0 0.2 0.2 0.3 0.2 0.2 0.0 0.1 0.0
DE 1.5 0.9 0.9 0.2 0.4 1.4 1.4 0.1 0.1 3.9 3.8 5.5 3.7 4.2 0.4 0.8 0.0
MA 0.0 6.3 4.9 0.0 0.2 10.2 0.1 2.9 2.3 4.3 7.6 10.3 2.2 2.0 2.7 0.0 0.2
MD 17.8 3.1 2.6 1.3 4.3 5.0 16.2 0.3 0.5 14.7 14.5 20.8 24.8 21.0 1.3 7.5 0.2
ME 0.2 2.9 0.6 0.0 0.0 3.5 0.1 2.6 1.0 0.7 1.5 1.7 0.6 0.3 0.4 0.1 0.1
NH 0.0 2.0 0.3 0.0 0.0 2.3 0.0 0.7 0.7 0.3 0.7 0.8 0.2 0.2 0.2 0.0 0.1
NJ 3.3 4.8 8.0 0.3 1.5 8.5 3.3 0.6 0.6 15.6 35.0 44.2 9.4 10.8 2.1 0.8 0.2
NY 1.8 4.4 5.3 0.2 0.6 7.8 1.6 0.8 1.2 7.5 4.5 1.8 7.3 4.7 1.5 0.6 0.8
NYMSA 2.3 5.3 9.0 0.2 1.2 9.5 2.4 0.6 0.7 11.0 16.0 20.2 8.9 10.8 2.3 0.6 0.2
PA 19.9 5.8 8.9 1.7 4.3 9.9 17.5 1.1 1.6 46.0 49.6 74.4 67.0 34.8 1.7 7.1 0.7
PHILMSA 3.9 1.9 2.6 0.3 1.4 3.1 3.7 0.3 0.3 18.8 16.0 28.2 9.7 10.6 0.7 1.4 0.1
RI 0.0 3.3 0.7 0.0 0.0 4.9 0.0 0.5 0.3 1.3 2.7 3.7 0.5 0.5 -1.3 0.0 0.0
VA 24.4 2.6 2.2 3.1 2.3 4.3 16.1 0.3 0.4 9.8 11.2 14.8 12.3 9.4 1.2 32.9 0.2
VT 0.0 0.8 0.3 0.0 0.0 1.2 0.0 0.2 0.5 0.3 0.9 0.8 0.2 0.1 0.1 0.0 0.3
BALMSA BOSMSA CT DC DE MA MD ME NH NJ NY NYMSA PA PHILMSA RI VA VT
BUS
BALMSA 5.5 0.4 0.4 0.2 0.7 0.7 4.6 0.0 0.1 2.6 2.5 3.5 4.1 3.8 0.2 2.1 0.0
BOSMSA 0.0 0.2 0.1 0.0 0.0 0.3 0.0 0.2 0.1 0.1 0.2 0.3 0.1 0.1 0.0 0.0 0.0
CT 0.0 0.1 0.2 0.0 0.0 0.2 0.0 0.0 0.0 0.1 0.4 0.4 0.0 0.0 0.1 0.0 0.0
DC 0.2 0.0 0.0 -0.4 0.1 0.1 0.6 0.0 0.0 0.3 0.3 0.4 0.4 0.4 0.0 0.1 0.0
DE 0.4 0.2 0.2 0.0 0.2 0.3 0.4 0.0 0.0 1.0 0.9 1.3 1.0 1.2 0.1 0.2 0.0
MA 0.0 0.4 0.2 0.0 0.0 0.6 0.0 0.1 0.1 0.2 0.3 0.5 0.1 0.1 0.1 0.0 0.0
MD 3.1 0.4 0.3 0.2 0.6 0.6 2.8 0.0 0.1 2.0 1.9 2.7 3.4 3.0 0.1 0.9 0.0
ME 0.0 0.6 0.1 0.0 0.0 0.8 0.0 0.7 0.2 0.1 0.3 0.4 0.1 0.1 0.1 0.0 0.0
NH 0.0 0.6 0.1 0.0 0.0 0.7 0.0 0.2 0.3 0.1 0.2 0.2 0.0 0.0 0.0 0.0 0.0
NJ 0.7 1.1 1.8 0.1 0.3 1.8 0.7 0.1 0.1 4.8 7.9 10.9 2.2 2.8 0.4 0.2 0.0
NY 1.1 3.4 5.6 0.1 0.5 6.2 1.1 0.5 0.8 6.2 -19.8 -20.3 5.0 3.9 1.2 0.3 0.4
NYMSA 0.8 2.8 5.1 0.1 0.5 4.9 0.9 0.3 0.4 5.1 -24.9 -22.5 3.1 3.9 1.2 0.2 0.1
PA 1.3 0.5 0.7 0.1 0.3 0.8 1.2 0.1 0.1 4.2 4.2 6.7 3.3 1.3 0.1 0.4 0.0
PHILMSA 0.8 0.3 0.5 0.1 0.3 0.5 0.8 0.0 0.0 3.8 3.0 5.3 0.5 0.9 0.1 0.3 0.0
RI 0.0 0.3 0.0 0.0 0.0 0.4 0.0 0.0 0.0 0.1 0.2 0.3 0.0 0.0 0.0 0.0 0.0
VA 5.6 0.5 0.4 0.8 0.5 0.8 3.8 0.1 0.1 1.9 2.2 2.9 2.3 1.9 0.2 5.8 0.0
VT 0.0 0.2 0.1 0.0 0.0 0.3 0.0 0.1 0.1 0.1 0.2 0.2 0.0 0.0 0.0 0.0 0.1
Table 3.32: Premature mortalities in each receptor state/MSA due to long-term exposure to O3
attributable to each source state/MSA and vehicle class
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Source PM2.5 - attributable mortalities valuation ($2016 USD Millions) O3 - attributable mortalities valuation ($2016 USD Millions)
BUS
CT $6.2 ($3.1 - $10) $11 ($3.2 - $30)
DC $31 ($16 - $51) $16 ($4.7 - $45)
DE $17 ($8.5 - $28) $44 ($13 - $130)
MA $21 ($11 - $35) $19 ($5.8 - $55)
MD $110 ($58 - $190) $130 ($40 - $380)
ME $12 ($6.3 - $20) $27 ($7.9 - $75)
NH $8.9 ($4.5 - $15) $16 ($4.9 - $46)
NJ $210 ($110 - $350) $210 ($63 - $600)
NY $1,400 ($700 - $2,300) $83 ($25 - $230)
PA $160 ($83 - $270) $160 ($48 - $450)
RI $11 ($5.3 - $17) $9.4 ($2.8 - $27)
VA $140 ($71 - $230) $190 ($57 - $540)
VT $3.9 ($2 - $6.4) $10 ($3 - $28)
Total $2,100 ($1,100 - $3,500) $930 ($280 - $2,600)
Table 3.33: Mortality valuation results with bounds for total PM2.5 and O3 attributable mortalities
to BUS from each source state to the TCI region
Source PM2.5 - attributable mortalities valuation ($2016 USD Millions) O3 - attributable mortalities valuation ($2016 USD Millions)
HDT
CT $150 ($74 - $240) $190 ($58 - $540)
DC $35 ($18 - $58) $7.6 ($2.3 - $21)
DE $90 ($45 - $150) $180 ($52 - $500)
MA $640 ($330 - $1,100) $390 ($120 - $1,100)
MD $1,200 ($610 - $2,000) $960 ($290 - $2,700)
ME $68 ($35 - $110) $120 ($35 - $330)
NH $43 ($22 - $71) $57 ($17 - $160)
NJ $2,200 ($1,100 - $3,500) $880 ($260 - $2,500)
NY $1,000 ($520 - $1,700) $410 ($120 - $1,200)
PA $2,200 ($1,100 - $3,700) $2,200 ($670 - $6,300)
RI $140 ($69 - $220) $98 ($29 - $280)
VA $720 ($370 - $1,200) $990 ($300 - $2,800)
VT $19 ($9.6 - $31) $42 ($13 - $120)
Total $8,500 ($4,300 - $14,000) $6,500 ($2,000 - $19,000)
Table 3.34: Mortality valuation results with bounds for total PM2.5 and O3 attributable mortalities
to HDT from each source state to the TCI region
122
Source PM2.5 - attributable mortalities valuation ($2016 USD Millions) O3 - attributable mortalities valuation ($2016 USD Millions)
LDA
CT $440 ($220 - $720) $420 ($130 - $1,200)
DC $260 ($130 - $430) $92 ($27 - $260)
DE $200 ($99 - $320) $240 ($72 - $680)
MA $750 ($380 - $1,200) $360 ($110 - $1,000)
MD $1,300 ($650 - $2,100) $860 ($260 - $2,400)
ME $57 ($29 - $94) $76 ($23 - $220)
NH $100 ($51 - $170) $91 ($27 - $260)
NJ $2,200 ($1,100 - $3,700) $1,100 ($340 - $3,200)
NY $2,900 ($1,500 - $4,800) $1,200 ($350 - $3,300)
PA $2,400 ($1,200 - $4,000) $1,800 ($530 - $5,000)
RI $120 ($62 - $200) $83 ($25 - $240)
VA $1,100 ($550 - $1,800) $1,100 ($340 - $3,200)
VT $32 ($16 - $52) $53 ($16 - $150)
Total $12,000 ($6,000 - $20,000) $7,500 ($2,200 - $21,000)
Table 3.35: Mortality valuation results with bounds for total PM2.5 and O3 attributable mortalities
to LDA from each source state to the TCI region
Source PM2.5 - attributable mortalities valuation ($2016 USD Millions) O3 - attributable mortalities valuation ($2016 USD Millions)
LDT
CT $410 ($210 - $670) $600 ($180 - $1,700)
DC $110 ($54 - $170) $51 ($15 - $140)
DE $240 ($120 - $390) $470 ($140 - $1,300)
MA $720 ($370 - $1,200) $480 ($140 - $1,400)
MD $1,500 ($750 - $2,400) $1,600 ($470 - $4,400)
ME $85 ($43 - $140) $140 ($42 - $390)
NH $120 ($63 - $200) $140 ($43 - $400)
NJ $2,100 ($1,000 - $3,400) $1,700 ($500 - $4,800)
NY $2,900 ($1,500 - $4,800) $1,600 ($470 - $4,500)
PA $2,800 ($1,400 - $4,700) $3,100 ($940 - $8,900)
RI $110 ($54 - $180) $110 ($32 - $300)
VA $1,600 ($800 - $2,600) $2,600 ($770 - $7,300)
VT $46 ($23 - $76) $89 ($26 - $250)
Total $13,000 ($6,400 - $21,000) $13,000 ($3,800 - $36,000)
Table 3.36: Mortality valuation results with bounds for total PM2.5 and O3 attributable mortalities
to LDT from each source state to the TCI region
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Source PM2.5 - attributable mortalities valuation ($2016 USD) O3 - attributable mortalities valuation ($2016 USD)
MDT
CT $42 ($21 - $70) $58 ($17 - $160)
DC $73 ($37 - $120) $26 ($7.7 - $72)
DE $22 ($11 - $37) $45 ($14 - $130)
MA $160 ($80 - $260) $120 ($37 - $350)
MD $550 ($280 - $900) $530 ($160 - $1,500)
ME $35 ($18 - $57) $70 ($21 - $200)
NH $57 ($29 - $94) $85 ($25 - $240)
NJ $860 ($440 - $1,400) $630 ($190 - $1,800)
NY $3,000 ($1,500 - $4,900) $930 ($280 - $2,600)
PA $1,100 ($570 - $1,800) $1,200 ($360 - $3,400)
RI $80 ($40 - $130) $75 ($22 - $210)
VA $220 ($110 - $360) $280 ($83 - $780)
VT $6 ($3 - $9.8) $14 ($4.1 - $39)
Total $6,200 ($3,100 - $10,000) $4,100 ($1,200 - $11,000)
Table 3.37: Mortality valuation results with bounds for total PM2.5 and O3 attributable mortalities
to MDT from each source state to the TCI region
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LDA LDT MDT HDT BUS
PM2.5
NOX 350 410 280 420 220
VOC 660 680 850 760 770
SO2 4,400 4,300 4,100 4,100 3,800
NH3 30,000 30,000 35,000 38,000 37,000
PPM 97,000 90,000 90,000 100,000 98,000
O3
NOX 3,500 3,800 4,500 3,800 4,400
VOC 850 910 1,300 1,200 1,300
Table 3.38: Average damages per ton ($2016 USD) for each vehicle class and precursor
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Figure 3.22: Top 5 PM2.5 damages per ton of NOX values for each receptor state/MSA
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Figure 3.23: Top 5 PM2.5 damages per ton of VOC values for each receptor state/MSA
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Figure 3.24: Top 5 PM2.5 damages per ton of SOX values for each receptor state/MSA
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Figure 3.25: Top 5 PM2.5 damages per ton of NH3 values for each receptor state/MSA
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Figure 3.26: Top 5 PM2.5 damages per ton of PPM values for each receptor state/MSA
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Figure 3.27: Top 5 O3 damages per ton of NOX values for each receptor state/MSA
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Figure 3.28: Top 5 O3 damages per ton of VOC values for each receptor state/MSA
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CHAPTER 4 UPDATED VEHICULAR AMMONIA AND PM2.5-HEALTH
RISKS
4.1 Introduction
Anthropogenic emissions of ammonia (NH3) can lead to the formation of fine particulate matter
(PM2.5) as freshly emitted NH3 quickly reacts with nitric and sulfuric acids to form nitrate and
sulfate aerosols, impacting regional air quality. The largest anthropogenic emission source of NH3 is
the agricultural sector, comprising approximately 90% of NH3 emissions (Aneja et al. 2008) in the
U.S. and over 60% of the global inventory (Bouwman et al. 1997, Paulot et al. 2014). Combustion
sources such as power plants and on-road vehicles help to make up the remaining budget. However,
as NH3 emissions from the agricultural sector have leveled off in the past few years, increasing by
only 7% in the U.S. from 1990 to 2010, NH3 emissions from power plants and on-road vehicles have
increased by 70% and 91%, respectively over that same time period (Xing et al. 2013), even as other
PM2.5 precursors such as NOX and SOX have decreased by 36% and 68%, respectively from 2007
to 2015 (Shah et al. 2018). In addition to the increase in emission amounts, the location of on-road
vehicle emissions of NH3 can contribute significantly to NH3 concentrations (Li et al. 2006, Gong
et al. 2011, Sun et al. 2014, Sun et al. 2017b, Chang et al. 2016, Zhou et al. 2019, Li et al. 2020, Can
et al. 2020) and the formation of PM2.5 and degradation of air quality (Osada et al. 2019, Chang
et al. 2019) in urban areas. The impact in urban settings may be significant with a recent study
showing the likelihood of gas-phase supersaturations of ammonia in these settings where the authors
measured resulting particle growth rates from condensation or nucleation to be approximately ten
times greater than previously thought, creating an additional formation pathway for atmospheric
particles in these urban settings. (Wang et al. 2020)
Ammonia is emitted from vehicles as a by-product of catalytic technologies used in gasoline light
duty vehicles (Suarez-Bertoa et al. 2014, Li et al. 2020) and diesel particle filters in heavy-duty
diesel trucks (Preble et al. 2019). The purpose of these technologies is to reduce emissions of other
pollutants such as NOX , CO, and diesel particulate matter. Quantifying the air quality impacts
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from on-road vehicle NH3 emissions within a chemical transport model (CTM) is difficult due to
the uncertainty in emission inventory amounts, and it has been estimated that the EPA’s National
Emissions Inventory (NEI) for the year 2011 underestimates NH3 emissions from on-road vehicles
by a factor of 2 (Sun et al. 2017b). A similar study performed in the U.K. has found that the
U.K.’s National Atmospheric Emissions Inventory (NAEI) may also be underestimating vehicular
NH3 by a factor of 2.6 (Farren et al. 2020). Two studies have looked to model the impacts of
NH3 underestimation on deposition in the U.S. (Fenn et al. 2018, Chen et al. 2021) This study
will be the first to attempt to model the air quality and related health impacts from vehicular
NH3 underestimation. We aim to account for the underestimation by first adjusting the EPA’s
2016 NEI on-road vehicle sector’s NH3 emissions estimates through measured NH3:CO2 emissions
ratios and on-road vehicle CO2 emission estimates from the Database of Road Transportation
Emissions (DARTE) inventory (Gately et al. 2019). We then use the adjusted inventories to scale
the existing 2016 NEI on-road vehicle NH3 amounts and estimate the PM2.5 concentrations due to
those updated amounts through a recent study that computed Community Multi-Scale Air Quality
(CMAQ) - Decoupled Direct Method (DDM) based sensitivity coefficients (Arter et al. 2021). We
finally quantify the air quality - related health impacts from those PM2.5 concentration changes to
quantify the importance of vehicular NH3 as a contributor to poor regional air quality in a heavily
populated area of the U.S., the Northeast and Mid-Atlantic using BenMAPR - a geospatial air
pollution health impact assessment tool based on the Environmental Benefits Mapping and Analysis
Program (BenMAP) (Sacks et al. 2018).
4.2 Materials and Methods
The air quality - related health impacts from vehicular NH3 emissions relies on the sensitivity
modeling simulations described in Arter et al (Arter et al. 2021). In that study, the authors
performed a full chain benefits assessment from emissions to health impacts for on-road vehicles in
the Northeast and Mid-Atlantic U.S. They estimated the PM2.5 and O3 - attributable mortalities
from five vehicle classes; light-duty autos (LDA), light-duty trucks (LTO), medium-duty trucks
(MDT), heavy-duty trucks (HDT), and buses (BUS), from twelve states and Washington D.C. as well
as four large metropolitan statistical areas in the Northeast and Mid-Atlantic U.S. in 2016. They
utilized CMAQ-DDM to calculate sensitivities of PM2.5 and O3 to individual precursor emissions
from these vehicle classes and source regions. We used these sensitivities of PM2.5 to on-road
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emissions of NH3 to further estimate the impacts from updated emissions inventory amounts of NH3
from these vehicle classes and a subset of these source regions without re-running the air quality
model. Details of the sensitivities calculated, the unadjusted 2016 emissions inventories, and the
impacts of those emissions on PM2.5 concentrations in the Northeast and Mid-Atlantic can be found
in Arter et al (Arter et al. 2021).
We adjusted the on-road NH3 emissions inventories similar to methods outlined in Fenn et
al. (Fenn et al. 2018). We obtained annual gridded CO2 vehicular emission estimates at 1x1km
resolution from DARTE for the year 2016 and extracted the total CO2 emissions for each state. We
then estimated vehicular NH3 emissions in each state by using measured NH3:CO2 emission ratios;
a method that reduces the uncertainty associated with estimates of on-road NH3 emissions (Sun
et al. 2017b). The DARTE state-based NH3 estimates were used to scale the state-based NH3
estimates from the NEI 2016v1 modeling platform. We utilized three NH3:CO2 emission ratios
that contain the final error-weighted average estimates from Sun et al., 0.37 ± 0.06 ppbV/ppmV.
To take into account the range of measured ratios; we utilized emission ratios of 0.31, 0.37, and
0.43 ppbV/ppmV. Figure 4.1 shows the NH3 on-road emission estimates from the 2016 NEI, the
NH3:CO2 emission ratios from the NEI estimates, and the NH3 on-road emission estimates using
the DARTE CO2 emission inventory and the measured NH3:CO2 emissions ratios of 0.37, 0.31, and
0.43 ppbV/ppmV. Table 4.3 shows the CO2 emissions for both the NEI and DARTE inventories.
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Figure 4.1: 2016 NEI NH3 emissions (Tons/year) and NH3:CO2 emission ratios (ppbV/ppmV), NH3
emissions (Tons/year) estimates from DARTE CO2 estimates and measured NH3:CO2 emission
ratios, and percent increases in NH3 emissions from NEI estimates
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From figure 4.1 we can see that the NH3:CO2 emission ratios in the 2016 NEI for each source
state are less than half of the lowest measured NH3:CO2 ratio of 0.31 ppbV/ppmV. Hence, like what
was seen for the 2011 NEI (Sun et al. 2017b), NH3 emissions from the on-road vehicle sector in the
2016 NEI are approximately 1-2 times less than what may actually be emitted based off the measured
NH3:CO2 ratios. Similar to sensitivity scaling done in a prior study (Arter & Arunachalam 2021), the
percent increases (Percent Increasesource state in Eq.1) are multiplied with the annual average PM2.5
sensitivities to NH3 from each vehicle class and source state (Sens(PM2.5 to NH3)vehicle class, source state
in Eq.1) to estimate the concentration increases due to the updated NH3 emissions inventories:
PM2.5Excess = Sens(PM2.5 to NH3)vehicle class, source state × Percent Increasesource state (Eq.1)
We quantify the PM2.5 - attributable premature mortalities using BenMAPR, similar to what was
done in Arter et al (Arter et al. 2021). In addition to mortality estimates, we expand the analysis to
incorporate multiple morbidity estimates such as: respiratory and cardiovascular hospitalizations and
emergency department visits (Levy, Diez, Dou, Barr & Dominici 2012b, Zanobetti et al. 2009), non-
fatal heart attacks (Mustafić et al. 2012), and asthma hospitalizations, emergency department visits,
and exacerbations in those ages 5 to 17 (Orellano et al. 2017). For morbidity outcomes, BenMAPR
has county or state level data where it is available, and has national level data where state level data
is not available. The concentration response functions (CRFs) are based on existing epidemiology
providing estimates of the increased likelihood of adverse health outcomes with increasing air pollution.
The CRFs are based on meta-analyses or large, multi-year, multi-location cohorts where available.
If CRFs meeting these criteria were not available, BenMAPR relies on CRFs used in BenMAP by
default. Details regarding population data, baseline mortality, and the health-impact assessment
method can be found in Arter et al. (Arter et al. 2021) Table 4.4 shows details regarding mortality
and morbidity concentration response functions and the underlying background prevalence/incidence
data.
4.3 Results and discussion
Table 4.1 shows the excess population-weighted PM2.5 concentrations averaged across the source
states for each vehicle class. The greatest increase in population-weighted PM2.5 is from the increase
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Excess PM2.5 (µg/m3)
Source Vehicle 0.31 0.37 0.43
LDA 4.24e−3 5.83e−3 7.42e−3
LDT 3.74e−3 5.15e−3 6.56e−3
MDT 3.07e−4 4.21e−4 5.35e−4
HDT 3.57e−4 4.90e−4 6.23e−4
BUS 6.48e−5 8.91e−5 1.13e−4
Table 4.1: Increase in population-weighted concentration PM2.5 (µg/m3) due to increase in NH3
emissions from each vehicle class averaged across the region due to the three different measured
emission ratios
in NH3 from LDA. This is justified as LDA are the largest source of NH3 emissions of the five vehicle
classes and population-weighted PM2.5 sensitivities to LDA NH3 are the largest of the five vehicle
classes, and the second largest population-weighted PM2.5 sensitivity behind PM2.5 sensitivities to
directly emitted particulate matter when considering other precursor emissions (Arter et al. 2021).
Table 4.5 shows the PM2.5 population-weighted concentration increases for each vehicle class and
source state and figures 4.2-4.6 show the population-weighted PM2.5 due to the additional NH3 for
each vehicle class and source state. The greatest increase in population-weighted PM2.5 from a given
source state is from LDA in New Jersey at 2.35e−2 µg/m3 when using an updated NH3 inventory
constructed with the 0.43 measured emissions ratio.
Table 4.2 shows the estimated total adverse health outcomes due to the increase in PM2.5 from
the updated NH3 emissions inventories. Tables 4.6-4.14 show the total adverse health outcomes
broken down by each source state. We’ve considered both mortality and morbidity outcomes across
the entire Northeast and Mid-Atlantic U.S. Following what was seen with the population-weighed
PM2.5 concentration increases, updated LDA NH3 emissions inventories are responsible for the largest
adverse health outcomes. Adverse health outcomes increase by approximately 41% when using NH3
inventories adjusted with a 0.31 measured ratio versus a 0.43 measured ratio. When comparing to
estimates of adverse health outcomes due to PM2.5 from NH3 emissions from unadjusted 2016 NEI
NH3 emissions (values in the Unadjusted column in table 4.2), we see an approximately 100%, 140%,
and 180% increase in adverse health outcomes from NH3 emissions inventories estimates using 0.31,
0.37, and 0.43, respectively. Hence, PM2.5 - attributable mortalities from on-road vehicular NH3




Health Endpoint Source Unadjusted 0.31 0.37 0.43
Premature Mortalities
BUS 5.4 (4.5 - 6.2) 11 (9.4 - 13) 13 (11 - 15) 15 (13 - 18)
HDT 31 (26 - 36) 64 (54 - 74) 76 (64 - 88) 88 (74 - 100)
LDA 360 (300 - 410) 740 (620 - 860) 880 (740 - 1,000) 1,000 (860 - 1,200)
LDT 320 (270 - 370) 660 (560 - 770) 790 (660 - 920) 910 (770 - 1,100)
MDT 26 (22 - 30) 54 (45 - 62) 64 (54 - 74) 74 (63 - 87)
Total 740 (620 - 860) 1,500 (1,300 - 1,800) 1,800 (1,500 - 2,100) 2,100 (1,800 - 2,500)
Asthma Hospitalizations
Ages 5 to 17
BUS 0.022 (0 - 0.044) 0.045 (0 - 0.092) 0.054 (0 - 0.11) 0.063 (0 - 0.13)
HDT 0.11 (0 - 0.22) 0.23 (0 - 0.46) 0.27 (0 - 0.55) 0.32 (0 - 0.64)
LDA 1.3 (0 - 2.7) 2.8 (0 - 5.7) 3.3 (0 - 6.8) 3.9 (0 - 7.8)
LDT 1.2 (0 - 2.4) 2.5 (0 - 5) 2.9 (0 - 5.9) 3.4 (0 - 6.9)
MDT 0.099 (0 - 0.2) 0.21 (0 - 0.42) 0.25 (0 - 0.5) 0.29 (0 - 0.58)
Total 2.8 (0 - 5.6) 5.7 (0 - 12) 6.9 (0 - 14) 8 (0 - 16)
Asthma Emergency Department Visits
Ages 5 to 17
BUS 0.18 (0 - 0.36) 0.37 (0 - 0.75) 0.44 (0 - 0.9) 0.51 (0 - 1)
HDT 0.94 (0 - 1.9) 1.9 (0 - 3.9) 2.3 (0 - 4.7) 2.7 (0 - 5.5)
LDA 11 (0 - 23) 24 (0 - 48) 28 (0 - 57) 33 (0 - 66)
LDT 10 (0 - 21) 21 (0 - 42) 25 (0 - 51) 29 (0 - 59)
MDT 0.82 (0 - 1.7) 1.7 (0 - 3.5) 2 (0 - 4.1) 2.4 (0 - 4.8)
Total 24 (0 - 48) 49 (0 - 98) 58 (0 - 120) 67 (0 - 140)
Asthma Exacerbations
Ages 5 to 17
BUS 130 (0 - 260) 270 (0 - 540) 320 (0 - 640) 370 (0 - 750)
HDT 730 (0 - 1,500) 1,500 (0 - 3,100) 1,800 (0 - 3,600) 2,100 (0 - 4,200)
LDA 8,700 (0 - 18,000) 18,000 (0 - 36,000) 21,000 (0 - 43,000) 25,000 (0 - 51,000)
LDT 7,700 (0 - 16,000) 16,000 (0 - 32,000) 19,000 (0 - 38,000) 22,000 (0 - 45,000)
MDT 610 (0 - 1,200) 1,300 (0 - 2,600) 1,500 (0 - 3,100) 1,800 (0 - 3,600)
Total 18,000 (0 - 36,000) 37,000 (0 - 75,000) 44,000 (0 - 89,000) 51,000 (0 - 100,000)
Non-fatal Heart Attacks
BUS 0.23 (0.14 - 0.33) 0.48 (0.29 - 0.69) 0.57 (0.34 - 0.82) 0.66 (0.4 - 0.95)
HDT 1.3 (0.8 - 1.9) 2.8 (1.7 - 4) 3.3 (2 - 4.8) 3.8 (2.3 - 5.5)
LDA 16 (9.4 - 23) 32 (19 - 47) 39 (23 - 56) 45 (27 - 65)
LDT 14 (8.4 - 20) 29 (17 - 42) 35 (21 - 50) 40 (24 - 58)
MDT 1.1 (0.67 - 1.6) 2.3 (1.4 - 3.4) 2.8 (1.7 - 4) 3.2 (1.9 - 4.7)
Total 32 (19 - 47) 67 (40 - 96) 80 (48 - 110) 93 (56 - 130)
Respiratory Hospitalizations
BUS 0.26 (0.14 - 0.39) 0.54 (0.28 - 0.8) 0.65 (0.34 - 0.96) 0.75 (0.39 - 1.1)
HDT 1.5 (0.78 - 2.2) 3.1 (1.6 - 4.6) 3.7 (1.9 - 5.5) 4.3 (2.3 - 6.4)
LDA 18 (9.2 - 26) 37 (19 - 54) 44 (23 - 65) 51 (26 - 75)
LDT 16 (8.3 - 24) 33 (17 - 49) 39 (20 - 58) 45 (24 - 67)
MDT 1.3 (0.65 - 1.9) 2.6 (1.4 - 3.9) 3.1 (1.6 - 4.7) 3.7 (1.9 - 5.4)
Total 37 (19 - 54) 76 (39 - 110) 90 (47 - 130) 110 (55 - 160)
Cardiovascular Hospitalizations
BUS 0.3 (0.21 - 0.4) 0.63 (0.43 - 0.83) 0.75 (0.52 - 0.99) 0.87 (0.6 - 1.1)
HDT 1.7 (1.1 - 2.2) 3.5 (2.4 - 4.6) 4.2 (2.9 - 5.4) 4.8 (3.3 - 6.3)
LDA 20 (14 - 26) 41 (28 - 54) 49 (34 - 65) 57 (39 - 75)
LDT 18 (12 - 23) 37 (25 - 48) 44 (30 - 57) 51 (35 - 67)
MDT 1.4 (0.98 - 1.9) 3 (2.1 - 3.9) 3.6 (2.5 - 4.7) 4.2 (2.9 - 5.5)
Total 41 (28 - 54) 85 (58 - 110) 100 (70 - 130) 120 (81 - 150)
Respiratory Emergency Department Visits
BUS 0.3 (0.16 - 0.45) 0.62 (0.32 - 0.93) 0.75 (0.39 - 1.1) 0.87 (0.45 - 1.3)
HDT 1.7 (0.9 - 2.6) 3.6 (1.9 - 5.3) 4.3 (2.2 - 6.4) 5 (2.6 - 7.4)
LDA 20 (11 - 30) 42 (22 - 62) 50 (26 - 74) 58 (30 - 86)
LDT 18 (9.5 - 27) 38 (20 - 56) 45 (23 - 67) 52 (27 - 78)
MDT 1.4 (0.74 - 2.1) 3 (1.6 - 4.4) 3.6 (1.9 - 5.3) 4.2 (2.2 - 6.2)
Total 42 (22 - 63) 87 (45 - 130) 100 (54 - 150) 120 (63 - 180)
Cardiovascular Emergency Department Visits
BUS 0.4 (0.27 - 0.52) 0.82 (0.56 - 1.1) 0.98 (0.67 - 1.3) 1.1 (0.78 - 1.5)
HDT 2.3 (1.5 - 3) 4.7 (3.2 - 6.1) 5.6 (3.8 - 7.3) 6.5 (4.5 - 8.5)
LDA 27 (18 - 35) 55 (38 - 72) 66 (45 - 86) 76 (52 - 100)
LDT 24 (16 - 31) 49 (34 - 65) 59 (40 - 77) 68 (47 - 89)
MDT 1.9 (1.3 - 2.5) 3.9 (2.7 - 5.2) 4.7 (3.2 - 6.2) 5.5 (3.8 - 7.2)
Total 55 (38 - 72) 110 (78 - 150) 140 (93 - 180) 160 (110 - 210)
Table 4.2: Total PM2.5-attributable adverse health outcomes in the Northeast and Mid-Atlantic
U.S. from 2016 NEI estimates of onroad NH3 emissions (Unadjusted) and total PM2.5-attributable
adverse health outcomes from updated NH3 emissions estimates in the Northeast and Mid-Atlantic
U.S. due to measured emission ratios (0.31, 0.37, 0.43)
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We estimate in the Northeast and Mid-Atlantic U.S. that NH3 emissions from on-road vehicles
comprise approximately 8.7% (2.5% in the U.S.) of the total NH3 emissions budget in the 2016
NEI. Adjusting on-road vehicle NH3 emissions by 0.31, 0.37, and 0.43 measured NH3:CO2 ratios,
on-road vehicles are estimated to account for 16.2%, 18.7%, and 21.1%, respectively (4.6%, 5.5%,
and 6.3% in the U.S.). After adjusting with a NH3:CO2 ratio of 0.42, Sun et al. found on-road
vehicle NH3 emissions to increase from 3% to 7% of the total 2011 NEI U.S. NH3 inventory and Fenn
et al. found a similar increase from 3% to 8% for NH3 emissions in 2012 scaled from the 2011 NEI.
While the Northeast and Mid-Atlantic does have large areas of agricultural activity contributing
to the total NH3 emissions budget, particularly southeastern Pennsylvania, our study region holds
more densely populated urban areas that would be susceptible to vehicular NH3 than the large
portions of the central and midwestern U.S. that are dominated by agricultural NH3 sources. In
fact, it has been estimated that vehicular NH3 emissions are larger than agricultural NH3 emissions
in counties containing nearly half of the U.S. population (Sun et al. 2017b), and one study measured
NH3 emissions across New York and found nonagricultural emissions comprise 63% of total NH3
emissions across the state and 99% in Queens county (Zhou et al. 2019); highlighting the significance
of nonagricultural NH3 emissions in densely populated areas.
Reactive nitrogen compounds emitted from vehicles such as nitric oxide (NO), nitrogen dioxide
(NO2), and NH3 all impact formation of secondary PM2.5, however, various control technologies that
have been used to limit emissions of these compounds only aim to address NOX emissions (Preble
et al. 2019). Worse yet, these technologies are responsible for the formation of NH3 as a byproduct
of their function and it has been shown that in the U.S. under the implementation of the Tier II
emission standards in 2009, NH3 dominates the reactive nitrogen emissions from both light and
medium-duty fleet vehicles (Bishop & Stedman 2015). Gasoline vehicles have implemented three-way
catalysts (TWC) and diesel vehicles have implemented selective catalytic reduction systems (SCR)
to comply with stringent NOX emission standards. Hence, the amount of NH3 emitted may vary by
vehicle class and with no vehicle emission standards to regulate NH3 (EPA Office of Transportation
and Air Quality 2016b, EPA Office of Transportation and Air Quality 2016a), NH3 will continue
to dominate as new vehicles and increasing emissions from older vehicles rely on these control
technologies.
We made use of three measured NH3:CO2 emissions ratios from Sun et al. that encompass the
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range of measurements made in that study. The authors highlight that emissions ratios are dependent
on conditions such as: vehicle fuel type (gasoline versus diesel), road grades, and fleet speed and
acceleration. To represent those conditions, Sun et al. conducted measurements at three major U.S.
cities (Houston, Denver, and Philadelphia) and three major cities in China (Beijing, Shijiazhuang,
and Baoding) with over 4,000 km and 100 hours of urban sampling from 2013-2014 (Sun et al. 2017b).
The authors accounted for seasonality by measuring in Philadelphia in late autumn while the rest of
the cities were sampled in summer and for diurnal variation by sampling continuously for a selected
day in Beijing. The authors saw agreement between their error-weighted emission ratios and emission
ratios measured in prior studies for Western U.S. cities and Europe. The authors also compared
observed ratios to ratios of NH3 and CO2 emissions in the 2011 NEI in the counties that contain the
cities they performed measurements and found NEI inventory values to be approximately half of
measured values.
We have not made any additional assumptions as to the varying degree of NH3 emissions
by vehicle class apart from the 2016 NEI inventories broken down by source classification codes
(SCCs). Each vehicle class has been scaled according to the CO2 estimates from DARTE and the
measured NH3:CO2 emissions ratios from Sun et al. which also did not account for measurements
from distinct vehicle classes. Hence, our scaling by vehicle class is dependent on the emission
factors and inventories for vehicle classes as defined in the MOtor Vehicle Emission Simulator (U.S.
Environmental Protection Agency 2015b) (MOVES2014) vehicle types: Light-Duty Autos (LDA),
Light-Duty Trucks (LDT), Buses (BUS), Medium-Duty Trucks (MDT), and Heavy-Duty Trucks
(HDT) and the subsequent groupings of SCCs as defined in Arter et al. (Arter et al. 2021) And for
the purposes of this work we were able to scale each vehicle class inventory by the same amount
representative of the CO2 emissions estimates from the entire on-road vehicle fleet from DARTE.
Furthermore, it is clear that NH3 from on-road vehicles should be considered for future vehicle
emissions standards given its impact on regional air quality through the increase in PM2.5 concentra-
tions and the subsequent adverse health effects. We have shown that this mostly ignored mobile
source emitted pollutant has significant air quality-related health impacts in a heavily populated
region of the U.S.. The results from this study emphasize that the emissions inventories be updated
to reflect findings from recent measurement studies in terms of NH3 emissions coming from on-road
vehicles, and that emission standards targeted at reducing NOX and CO from on-road vehicles may
142
be causing an unexpected health disbenefit with NOX and CO control technologies resulting in NH3




CO2 NH3 NH3:CO2 (ppbV/ppmV) CO2 NH3 (0.31 NH3:CO2) NH3 (0.37 NH3:CO2) NH3 (0.43 NH3:CO2)
CT 14,418,205 898 0.16 15,320,518 1,838 2,194 2,549
DE 5,238,166 309 0.15 4,587,133 550 657 763
MA 31,831,189 1,700 0.14 28,198,515 3,383 4,037 4,692
MD 32,207,171 1,688 0.14 27,980,665 3,357 4,006 4,656
ME 8,372,130 442 0.14 8,141,466 977 1,166 1,355
NH 7,131,822 389 0.14 7,022,525 842 1,005 1,169
NJ 39,851,868 2,240 0.15 42,257,393 5,069 6,050 7,032
NY 66,532,203 3,570 0.14 61,431,507 7,369 8,796 10,222
PA 60,406,239 3,209 0.14 56,599,370 6,790 8,104 9,418
RI 4,605,820 237 0.13 3,776,661 453 541 628
VA 46,481,421 2,782 0.15 40,877,084 4,904 5,853 6,802
VT 3,871,068 206 0.14 3,193,218 383 457 531
Table 4.3: CO2 and NH3 NEI emissions (Tons/year), NH3:CO2 (ppbV/ppmV) emission ratios from



























































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































LDA LDT MDT HDT BUS LDA LDT MDT HDT BUS LDA LDT MDT HDT BUS
CT 2.32E-03 1.92E-03 3.63E-05 1.19E-04 5.48E-06 3.19E-03 2.64E-03 5.01E-05 1.64E-04 7.60E-06 4.07E-03 3.37E-03 6.38E-05 2.10E-04 9.65E-06
DE 6.47E-04 6.22E-04 1.50E-05 4.22E-05 1.19E-05 9.33E-04 8.96E-04 2.16E-05 6.09E-05 1.72E-05 1.22E-03 1.17E-03 2.82E-05 7.95E-05 2.23E-05
MA 2.78E-03 2.34E-03 8.93E-05 2.57E-04 1.29E-05 3.86E-03 3.26E-03 1.24E-04 3.56E-04 1.79E-05 4.95E-03 4.17E-03 1.59E-04 4.56E-04 2.29E-05
MD 5.93E-03 5.47E-03 4.24E-04 6.52E-04 5.34E-05 8.24E-03 7.60E-03 5.89E-04 9.06E-04 7.43E-05 1.05E-02 9.73E-03 7.54E-04 1.16E-03 9.50E-05
ME 2.67E-04 3.13E-04 2.83E-05 3.79E-05 3.62E-06 3.61E-04 4.24E-04 3.83E-05 5.12E-05 5.04E-06 4.55E-04 5.35E-04 4.83E-05 6.46E-05 6.35E-06
NH 4.56E-04 4.73E-04 5.06E-05 2.75E-05 5.22E-06 6.20E-04 6.44E-04 6.89E-05 3.73E-05 7.09E-06 7.84E-04 8.14E-04 8.71E-05 4.72E-05 8.97E-06
NJ 1.39E-02 1.11E-02 9.53E-04 1.23E-03 1.66E-04 1.87E-02 1.49E-02 1.28E-03 1.66E-03 2.24E-04 2.35E-02 1.88E-02 1.61E-03 2.08E-03 2.82E-04
NY 1.20E-02 1.03E-02 1.14E-03 3.51E-04 3.55E-04 1.65E-02 1.41E-02 1.57E-03 4.83E-04 4.88E-04 2.10E-02 1.80E-02 1.99E-03 6.15E-04 6.22E-04
PA 8.36E-03 8.28E-03 8.20E-04 1.22E-03 1.17E-04 1.14E-02 1.13E-02 1.12E-03 1.67E-03 1.61E-04 1.45E-02 1.44E-02 1.42E-03 2.12E-03 2.04E-04
RI 4.03E-04 2.85E-04 3.44E-05 5.21E-05 3.51E-06 5.66E-04 4.01E-04 4.83E-05 7.33E-05 4.94E-06 7.30E-04 5.17E-04 6.23E-05 9.45E-05 6.35E-06
VA 3.78E-03 3.79E-03 9.84E-05 2.83E-04 4.23E-05 5.47E-03 5.48E-03 1.42E-04 4.09E-04 6.12E-05 7.16E-03 7.17E-03 1.86E-04 5.36E-04 8.01E-05
VT 7.27E-05 8.51E-05 2.13E-06 5.43E-06 1.08E-06 1.03E-04 1.21E-04 3.11E-06 7.76E-06 1.56E-06 1.34E-04 1.56E-04 4.04E-06 1.00E-05 2.18E-06
Table 4.5: Excess population-weighted concentration PM2.5 (µg/m3) due to change in NH3 emissions
from each vehicle class and source region averaged across the Northeast and Mid-Atlantic U.S. region
due to measured emission ratios of 0.31, 0.37, and 0.43
Figure 4.2: Population-weighted concentration PM2.5 (µg/m3) in the Northeast and Mid-Atlantic
U.S. region due to change in NH3 emissions from lighty duty autos (LDA) from each source region
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Figure 4.3: Population-weighted concentration PM2.5 (µg/m3) in the Northeast and Mid-Atlantic
U.S. region due to change in NH3 emissions from light duty trucks (LDT) from each source region
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Figure 4.4: Population-weighted concentration PM2.5 (µg/m3) in the Northeast and Mid-Atlantic
U.S. region due to change in NH3 emissions from medium duty trucks (MDT) from each source
region
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Figure 4.5: Population-weighted concentration PM2.5 (µg/m3) in the Northeast and Mid-Atlantic
U.S. region due to change in NH3 emissions from heavy duty trucks (HDT) from each source region
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Figure 4.6: Population-weighted concentration PM2.5 (µg/m3) in the Northeast and Mid-Atlantic
U.S. region due to change in NH3 emissions from buses (BUS) from each source region
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Unadjusted 0.31 0.37 0.43
Source
LDA
CT 17 (14 - 20) 35 (30 - 41) 42 (35 - 48) 48 (41 - 56)
DE 6.6 (5.6 - 7.7) 12 (9.9 - 14) 14 (12 - 16) 16 (14 - 19)
MA 22 (18 - 25) 43 (36 - 50) 51 (43 - 59) 59 (50 - 69)
MD 44 (37 - 51) 87 (74 - 100) 100 (88 - 120) 120 (100 - 140)
ME 1.8 (1.5 - 2.1) 4 (3.4 - 4.6) 4.7 (4 - 5.5) 5.5 (4.7 - 6.4)
NH 2.9 (2.5 - 3.4) 6.3 (5.3 - 7.3) 7.5 (6.3 - 8.7) 8.7 (7.4 - 10)
NJ 81 (68 - 94) 180 (150 - 210) 220 (180 - 250) 250 (210 - 290)
NY 82 (69 - 95) 170 (140 - 200) 200 (170 - 230) 230 (200 - 270)
PA 63 (53 - 73) 130 (110 - 160) 160 (130 - 190) 190 (160 - 220)
RI 3.7 (3.1 - 4.3) 7.1 (6 - 8.2) 8.4 (7.1 - 9.8) 9.8 (8.3 - 11)
VA 33 (28 - 38) 58 (49 - 67) 69 (59 - 81) 80 (68 - 94)
VT 0.65 (0.55 - 0.76) 1.2 (1 - 1.4) 1.4 (1.2 - 1.7) 1.7 (1.4 - 2)
LDT
CT 14 (12 - 16) 29 (24 - 33) 34 (29 - 40) 40 (34 - 46)
DE 6.4 (5.4 - 7.4) 11 (9.6 - 13) 14 (11 - 16) 16 (13 - 18)
MA 18 (15 - 21) 36 (31 - 42) 43 (37 - 50) 50 (43 - 59)
MD 41 (35 - 48) 81 (69 - 94) 97 (82 - 110) 110 (95 - 130)
ME 2.1 (1.8 - 2.5) 4.7 (4 - 5.5) 5.6 (4.7 - 6.5) 6.5 (5.5 - 7.6)
NH 3 (2.6 - 3.5) 6.5 (5.5 - 7.6) 7.8 (6.6 - 9.1) 9.1 (7.7 - 11)
NJ 65 (55 - 75) 150 (120 - 170) 180 (150 - 200) 200 (170 - 240)
NY 70 (59 - 82) 150 (120 - 170) 170 (150 - 200) 200 (170 - 230)
PA 63 (53 - 73) 130 (110 - 150) 160 (130 - 180) 180 (160 - 210)
RI 2.6 (2.2 - 3) 5 (4.2 - 5.8) 6 (5.1 - 7) 6.9 (5.9 - 8.1)
VA 34 (29 - 39) 60 (50 - 69) 71 (60 - 83) 83 (70 - 96)
VT 0.77 (0.65 - 0.89) 1.4 (1.2 - 1.7) 1.7 (1.4 - 2) 2 (1.7 - 2.3)
MDT
CT 0.27 (0.23 - 0.31) 0.54 (0.46 - 0.63) 0.65 (0.55 - 0.76) 0.76 (0.64 - 0.88)
DE 0.15 (0.13 - 0.18) 0.27 (0.23 - 0.32) 0.33 (0.28 - 0.38) 0.38 (0.32 - 0.44)
MA 0.7 (0.59 - 0.81) 1.4 (1.2 - 1.6) 1.7 (1.4 - 1.9) 1.9 (1.6 - 2.2)
MD 3.2 (2.7 - 3.7) 6.3 (5.3 - 7.3) 7.5 (6.3 - 8.7) 8.7 (7.3 - 10)
ME 0.19 (0.16 - 0.22) 0.42 (0.36 - 0.49) 0.5 (0.43 - 0.59) 0.59 (0.5 - 0.68)
NH 0.32 (0.27 - 0.38) 0.7 (0.59 - 0.81) 0.84 (0.71 - 0.97) 0.97 (0.82 - 1.1)
NJ 5.6 (4.7 - 6.5) 13 (11 - 15) 15 (13 - 17) 17 (15 - 20)
NY 7.8 (6.6 - 9.1) 16 (14 - 19) 19 (16 - 22) 22 (19 - 26)
PA 6.2 (5.3 - 7.3) 13 (11 - 15) 16 (13 - 18) 18 (15 - 21)
RI 0.32 (0.27 - 0.37) 0.61 (0.51 - 0.7) 0.72 (0.61 - 0.84) 0.84 (0.71 - 0.98)
VA 0.86 (0.73 - 1) 1.5 (1.3 - 1.8) 1.8 (1.5 - 2.1) 2.1 (1.8 - 2.4)
VT 0.02 (0.017 - 0.023) 0.037 (0.031 - 0.043) 0.044 (0.037 - 0.052) 0.052 (0.044 - 0.06)
HDT
CT 0.87 (0.74 - 1) 1.8 (1.5 - 2.1) 2.1 (1.8 - 2.5) 2.5 (2.1 - 2.9)
DE 0.44 (0.37 - 0.51) 0.78 (0.66 - 0.91) 0.93 (0.79 - 1.1) 1.1 (0.91 - 1.3)
MA 2 (1.7 - 2.3) 4 (3.4 - 4.6) 4.8 (4 - 5.5) 5.5 (4.7 - 6.4)
MD 4.8 (4.1 - 5.6) 9.6 (8.1 - 11) 11 (9.7 - 13) 13 (11 - 15)
ME 0.25 (0.21 - 0.3) 0.56 (0.47 - 0.65) 0.67 (0.57 - 0.78) 0.78 (0.66 - 0.9)
NH 0.18 (0.15 - 0.2) 0.38 (0.32 - 0.44) 0.45 (0.38 - 0.53) 0.53 (0.44 - 0.61)
NJ 7 (5.9 - 8.1) 16 (13 - 18) 19 (16 - 22) 22 (19 - 26)
NY 2.5 (2.1 - 2.9) 5.1 (4.3 - 6) 6.1 (5.2 - 7.1) 7.1 (6 - 8.3)
PA 9.3 (7.9 - 11) 20 (17 - 23) 24 (20 - 27) 27 (23 - 32)
RI 0.48 (0.41 - 0.56) 0.92 (0.78 - 1.1) 1.1 (0.93 - 1.3) 1.3 (1.1 - 1.5)
VA 2.6 (2.2 - 3.1) 4.7 (3.9 - 5.4) 5.6 (4.7 - 6.5) 6.5 (5.5 - 7.5)
VT 0.05 (0.042 - 0.058) 0.092 (0.078 - 0.11) 0.11 (0.093 - 0.13) 0.13 (0.11 - 0.15)
BUS
CT 0.04 (0.034 - 0.047) 0.082 (0.069 - 0.096) 0.098 (0.083 - 0.11) 0.11 (0.096 - 0.13)
DE 0.12 (0.1 - 0.14) 0.22 (0.18 - 0.25) 0.26 (0.22 - 0.3) 0.3 (0.25 - 0.35)
MA 0.1 (0.085 - 0.12) 0.2 (0.17 - 0.23) 0.24 (0.2 - 0.28) 0.28 (0.24 - 0.32)
MD 0.4 (0.34 - 0.46) 0.79 (0.67 - 0.92) 0.95 (0.8 - 1.1) 1.1 (0.93 - 1.3)
ME 0.025 (0.021 - 0.028) 0.054 (0.046 - 0.063) 0.066 (0.055 - 0.076) 0.076 (0.065 - 0.089)
NH 0.033 (0.028 - 0.038) 0.072 (0.061 - 0.083) 0.086 (0.072 - 0.099) 0.1 (0.084 - 0.12)
NJ 0.97 (0.82 - 1.1) 2.2 (1.9 - 2.6) 2.6 (2.2 - 3) 3 (2.6 - 3.5)
NY 2.4 (2 - 2.7) 4.9 (4.1 - 5.6) 5.8 (4.9 - 6.7) 6.7 (5.7 - 7.8)
PA 0.91 (0.77 - 1.1) 1.9 (1.6 - 2.2) 2.3 (1.9 - 2.7) 2.7 (2.3 - 3.1)
RI 0.032 (0.027 - 0.038) 0.062 (0.052 - 0.072) 0.074 (0.062 - 0.086) 0.086 (0.072 - 0.1)
VA 0.36 (0.31 - 0.42) 0.64 (0.54 - 0.74) 0.76 (0.64 - 0.88) 0.88 (0.75 - 1)
VT 0.0099 (0.0084 - 0.011) 0.018 (0.016 - 0.021) 0.022 (0.019 - 0.026) 0.027 (0.023 - 0.031)
Table 4.6: Premature mortalities in the Northeast and Mid-Atlantic U.S. region by source state
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Unadjusted 0.31 0.37 0.43
Source
LDA
CT 0.055 (0 - 0.11) 0.11 (0 - 0.23) 0.13 (0 - 0.27) 0.16 (0 - 0.31)
DE 0.021 (0 - 0.042) 0.037 (0 - 0.076) 0.045 (0 - 0.09) 0.052 (0 - 0.1)
MA 0.067 (0 - 0.14) 0.13 (0 - 0.27) 0.16 (0 - 0.32) 0.19 (0 - 0.37)
MD 0.15 (0 - 0.31) 0.31 (0 - 0.62) 0.37 (0 - 0.74) 0.43 (0 - 0.86)
ME 0.0029 (0 - 0.0058) 0.0063 (0 - 0.013) 0.0075 (0 - 0.015) 0.0087 (0 - 0.018)
NH 0.0067 (0 - 0.014) 0.015 (0 - 0.029) 0.017 (0 - 0.035) 0.02 (0 - 0.041)
NJ 0.32 (0 - 0.65) 0.72 (0 - 1.5) 0.86 (0 - 1.7) 1 (0 - 2)
NY 0.38 (0 - 0.77) 0.79 (0 - 1.6) 0.94 (0 - 1.9) 1.1 (0 - 2.2)
PA 0.22 (0 - 0.43) 0.46 (0 - 0.92) 0.54 (0 - 1.1) 0.63 (0 - 1.3)
RI 0.01 (0 - 0.02) 0.019 (0 - 0.039) 0.023 (0 - 0.047) 0.027 (0 - 0.054)
VA 0.11 (0 - 0.23) 0.2 (0 - 0.4) 0.24 (0 - 0.48) 0.27 (0 - 0.55)
VT 0.0013 (0 - 0.0026) 0.0024 (0 - 0.0048) 0.0028 (0 - 0.0057) 0.0033 (0 - 0.0067)
LDT
CT 0.045 (0 - 0.092) 0.093 (0 - 0.19) 0.11 (0 - 0.22) 0.13 (0 - 0.26)
DE 0.02 (0 - 0.041) 0.036 (0 - 0.072) 0.043 (0 - 0.086) 0.049 (0 - 0.1)
MA 0.057 (0 - 0.11) 0.11 (0 - 0.23) 0.13 (0 - 0.27) 0.16 (0 - 0.32)
MD 0.14 (0 - 0.29) 0.28 (0 - 0.58) 0.34 (0 - 0.69) 0.39 (0 - 0.8)
ME 0.0033 (0 - 0.0068) 0.0074 (0 - 0.015) 0.0088 (0 - 0.018) 0.01 (0 - 0.021)
NH 0.0069 (0 - 0.014) 0.015 (0 - 0.03) 0.018 (0 - 0.036) 0.021 (0 - 0.042)
NJ 0.25 (0 - 0.51) 0.57 (0 - 1.2) 0.69 (0 - 1.4) 0.8 (0 - 1.6)
NY 0.33 (0 - 0.66) 0.68 (0 - 1.4) 0.81 (0 - 1.6) 0.94 (0 - 1.9)
PA 0.21 (0 - 0.43) 0.45 (0 - 0.91) 0.54 (0 - 1.1) 0.62 (0 - 1.3)
RI 0.0072 (0 - 0.014) 0.014 (0 - 0.028) 0.016 (0 - 0.033) 0.019 (0 - 0.038)
VA 0.11 (0 - 0.23) 0.2 (0 - 0.4) 0.24 (0 - 0.48) 0.27 (0 - 0.56)
VT 0.0015 (0 - 0.0031) 0.0028 (0 - 0.0057) 0.0034 (0 - 0.0068) 0.0039 (0 - 0.0079)
MDT
CT 0.00086 (0 - 0.0017) 0.0018 (0 - 0.0036) 0.0021 (0 - 0.0043) 0.0024 (0 - 0.005)
DE 0.00048 (0 - 0.00097) 0.00085 (0 - 0.0017) 0.001 (0 - 0.0021) 0.0012 (0 - 0.0024)
MA 0.0022 (0 - 0.0044) 0.0043 (0 - 0.0088) 0.0052 (0 - 0.01) 0.006 (0 - 0.012)
MD 0.011 (0 - 0.022) 0.022 (0 - 0.045) 0.026 (0 - 0.053) 0.031 (0 - 0.062)
ME 0.00031 (0 - 0.00062) 0.00067 (0 - 0.0014) 0.0008 (0 - 0.0016) 0.00094 (0 - 0.0019)
NH 0.00074 (0 - 0.0015) 0.0016 (0 - 0.0032) 0.0019 (0 - 0.0039) 0.0022 (0 - 0.0045)
NJ 0.022 (0 - 0.044) 0.049 (0 - 0.1) 0.059 (0 - 0.12) 0.068 (0 - 0.14)
NY 0.036 (0 - 0.074) 0.075 (0 - 0.15) 0.09 (0 - 0.18) 0.1 (0 - 0.21)
PA 0.021 (0 - 0.043) 0.045 (0 - 0.09) 0.053 (0 - 0.11) 0.062 (0 - 0.13)
RI 0.00086 (0 - 0.0017) 0.0016 (0 - 0.0033) 0.002 (0 - 0.004) 0.0023 (0 - 0.0046)
VA 0.0029 (0 - 0.0059) 0.0051 (0 - 0.01) 0.0061 (0 - 0.012) 0.0071 (0 - 0.014)
VT 0.000037 (0 - 0.000076) 0.000067 (0 - 0.00014) 0.000082 (0 - 0.00017) 0.000095 (0 - 0.00019)
HDT
CT 0.0028 (0 - 0.0057) 0.0058 (0 - 0.012) 0.0069 (0 - 0.014) 0.008 (0 - 0.016)
DE 0.0013 (0 - 0.0027) 0.0024 (0 - 0.0048) 0.0028 (0 - 0.0057) 0.0033 (0 - 0.0066)
MA 0.0062 (0 - 0.013) 0.012 (0 - 0.025) 0.015 (0 - 0.03) 0.017 (0 - 0.035)
MD 0.017 (0 - 0.034) 0.034 (0 - 0.068) 0.04 (0 - 0.081) 0.047 (0 - 0.095)
ME 0.00041 (0 - 0.00083) 0.00091 (0 - 0.0018) 0.0011 (0 - 0.0022) 0.0013 (0 - 0.0025)
NH 0.00039 (0 - 0.0008) 0.00085 (0 - 0.0017) 0.001 (0 - 0.0021) 0.0012 (0 - 0.0024)
NJ 0.029 (0 - 0.058) 0.065 (0 - 0.13) 0.077 (0 - 0.16) 0.09 (0 - 0.18)
NY 0.011 (0 - 0.023) 0.023 (0 - 0.047) 0.028 (0 - 0.056) 0.032 (0 - 0.065)
PA 0.032 (0 - 0.064) 0.067 (0 - 0.14) 0.08 (0 - 0.16) 0.093 (0 - 0.19)
RI 0.0013 (0 - 0.0026) 0.0025 (0 - 0.005) 0.003 (0 - 0.006) 0.0035 (0 - 0.007)
VA 0.0083 (0 - 0.017) 0.015 (0 - 0.03) 0.017 (0 - 0.035) 0.02 (0 - 0.041)
VT 0.000091 (0 - 0.00018) 0.00017 (0 - 0.00034) 0.0002 (0 - 0.00041) 0.00023 (0 - 0.00047)
BUS
CT 0.00013 (0 - 0.00026) 0.00027 (0 - 0.00054) 0.00032 (0 - 0.00065) 0.00037 (0 - 0.00075)
DE 0.00038 (0 - 0.00077) 0.00068 (0 - 0.0014) 0.00082 (0 - 0.0016) 0.00095 (0 - 0.0019)
MA 0.00031 (0 - 0.00063) 0.00062 (0 - 0.0013) 0.00075 (0 - 0.0015) 0.00087 (0 - 0.0018)
MD 0.0014 (0 - 0.0028) 0.0028 (0 - 0.0056) 0.0033 (0 - 0.0067) 0.0039 (0 - 0.0078)
ME 0.000036 (0 - 0.000074) 0.000081 (0 - 0.00016) 0.0001 (0 - 0.0002) 0.00012 (0 - 0.00024)
NH 0.000076 (0 - 0.00015) 0.00017 (0 - 0.00033) 0.0002 (0 - 0.0004) 0.00023 (0 - 0.00046)
NJ 0.0038 (0 - 0.0077) 0.0086 (0 - 0.017) 0.01 (0 - 0.021) 0.012 (0 - 0.024)
NY 0.011 (0 - 0.023) 0.023 (0 - 0.047) 0.028 (0 - 0.056) 0.032 (0 - 0.066)
PA 0.003 (0 - 0.0061) 0.0064 (0 - 0.013) 0.0076 (0 - 0.015) 0.0088 (0 - 0.018)
RI 0.000088 (0 - 0.00018) 0.00017 (0 - 0.00034) 0.0002 (0 - 0.0004) 0.00023 (0 - 0.00047)
VA 0.0012 (0 - 0.0025) 0.0022 (0 - 0.0045) 0.0026 (0 - 0.0053) 0.0031 (0 - 0.0062)
VT 0.000015 (0 - 0.00003) 0.000028 (0 - 0.000057) 0.000034 (0 - 0.000069) 0.000045 (0 - 0.00009)
Table 4.7: Asthma Hospitalizations in the Northeast and Mid-Atlantic U.S. region by source state
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Unadjusted 0.31 0.37 0.43
Source
LDA
CT 0.47 (0 - 0.95) 0.96 (0 - 1.9) 1.1 (0 - 2.3) 1.3 (0 - 2.7)
DE 0.2 (0 - 0.41) 0.36 (0 - 0.72) 0.43 (0 - 0.86) 0.5 (0 - 1)
MA 0.52 (0 - 1.1) 1 (0 - 2.1) 1.2 (0 - 2.5) 1.4 (0 - 2.9)
MD 1.6 (0 - 3.2) 3.1 (0 - 6.4) 3.8 (0 - 7.6) 4.4 (0 - 8.8)
ME 0.029 (0 - 0.059) 0.065 (0 - 0.13) 0.077 (0 - 0.16) 0.09 (0 - 0.18)
NH 0.058 (0 - 0.12) 0.13 (0 - 0.25) 0.15 (0 - 0.3) 0.17 (0 - 0.35)
NJ 2.5 (0 - 5) 5.6 (0 - 11) 6.7 (0 - 14) 7.8 (0 - 16)
NY 3 (0 - 6) 6.2 (0 - 12) 7.4 (0 - 15) 8.6 (0 - 17)
PA 1.8 (0 - 3.6) 3.7 (0 - 7.6) 4.5 (0 - 9) 5.2 (0 - 10)
RI 0.082 (0 - 0.17) 0.16 (0 - 0.32) 0.19 (0 - 0.38) 0.22 (0 - 0.44)
VA 1.3 (0 - 2.5) 2.2 (0 - 4.5) 2.6 (0 - 5.4) 3.1 (0 - 6.2)
VT 0.012 (0 - 0.025) 0.023 (0 - 0.047) 0.028 (0 - 0.056) 0.032 (0 - 0.065)
LDT
CT 0.39 (0 - 0.79) 0.79 (0 - 1.6) 0.95 (0 - 1.9) 1.1 (0 - 2.2)
DE 0.19 (0 - 0.39) 0.34 (0 - 0.69) 0.41 (0 - 0.83) 0.48 (0 - 0.96)
MA 0.44 (0 - 0.89) 0.87 (0 - 1.8) 1 (0 - 2.1) 1.2 (0 - 2.5)
MD 1.5 (0 - 3) 2.9 (0 - 5.9) 3.5 (0 - 7) 4 (0 - 8.1)
ME 0.034 (0 - 0.07) 0.076 (0 - 0.15) 0.091 (0 - 0.18) 0.11 (0 - 0.21)
NH 0.06 (0 - 0.12) 0.13 (0 - 0.26) 0.15 (0 - 0.31) 0.18 (0 - 0.36)
NJ 2 (0 - 4) 4.5 (0 - 9) 5.3 (0 - 11) 6.2 (0 - 13)
NY 2.6 (0 - 5.2) 5.3 (0 - 11) 6.3 (0 - 13) 7.3 (0 - 15)
PA 1.8 (0 - 3.5) 3.7 (0 - 7.5) 4.4 (0 - 9) 5.1 (0 - 10)
RI 0.058 (0 - 0.12) 0.11 (0 - 0.22) 0.13 (0 - 0.27) 0.15 (0 - 0.31)
VA 1.3 (0 - 2.6) 2.2 (0 - 4.5) 2.7 (0 - 5.4) 3.1 (0 - 6.2)
VT 0.015 (0 - 0.03) 0.027 (0 - 0.055) 0.032 (0 - 0.066) 0.038 (0 - 0.076)
MDT
CT 0.0074 (0 - 0.015) 0.015 (0 - 0.031) 0.018 (0 - 0.037) 0.021 (0 - 0.043)
DE 0.0046 (0 - 0.0094) 0.0083 (0 - 0.017) 0.0099 (0 - 0.02) 0.011 (0 - 0.023)
MA 0.017 (0 - 0.034) 0.034 (0 - 0.068) 0.04 (0 - 0.081) 0.047 (0 - 0.094)
MD 0.11 (0 - 0.23) 0.23 (0 - 0.46) 0.27 (0 - 0.54) 0.31 (0 - 0.63)
ME 0.0031 (0 - 0.0063) 0.0069 (0 - 0.014) 0.0082 (0 - 0.017) 0.0096 (0 - 0.019)
NH 0.0064 (0 - 0.013) 0.014 (0 - 0.028) 0.017 (0 - 0.033) 0.019 (0 - 0.039)
NJ 0.17 (0 - 0.34) 0.38 (0 - 0.77) 0.46 (0 - 0.92) 0.53 (0 - 1.1)
NY 0.28 (0 - 0.57) 0.59 (0 - 1.2) 0.7 (0 - 1.4) 0.81 (0 - 1.6)
PA 0.17 (0 - 0.35) 0.37 (0 - 0.74) 0.44 (0 - 0.89) 0.51 (0 - 1)
RI 0.007 (0 - 0.014) 0.013 (0 - 0.027) 0.016 (0 - 0.032) 0.018 (0 - 0.037)
VA 0.033 (0 - 0.066) 0.058 (0 - 0.12) 0.069 (0 - 0.14) 0.08 (0 - 0.16)
VT 0.00037 (0 - 0.00074) 0.00066 (0 - 0.0013) 0.00081 (0 - 0.0016) 0.00094 (0 - 0.0019)
HDT
CT 0.024 (0 - 0.049) 0.05 (0 - 0.1) 0.059 (0 - 0.12) 0.069 (0 - 0.14)
DE 0.013 (0 - 0.026) 0.023 (0 - 0.047) 0.028 (0 - 0.056) 0.032 (0 - 0.065)
MA 0.048 (0 - 0.098) 0.096 (0 - 0.19) 0.11 (0 - 0.23) 0.13 (0 - 0.27)
MD 0.18 (0 - 0.35) 0.35 (0 - 0.7) 0.42 (0 - 0.84) 0.48 (0 - 0.98)
ME 0.0042 (0 - 0.0085) 0.0093 (0 - 0.019) 0.011 (0 - 0.022) 0.013 (0 - 0.026)
NH 0.0034 (0 - 0.0069) 0.0074 (0 - 0.015) 0.0088 (0 - 0.018) 0.01 (0 - 0.021)
NJ 0.22 (0 - 0.44) 0.5 (0 - 1) 0.59 (0 - 1.2) 0.69 (0 - 1.4)
NY 0.088 (0 - 0.18) 0.18 (0 - 0.37) 0.22 (0 - 0.44) 0.25 (0 - 0.51)
PA 0.26 (0 - 0.52) 0.55 (0 - 1.1) 0.65 (0 - 1.3) 0.76 (0 - 1.5)
RI 0.011 (0 - 0.021) 0.02 (0 - 0.041) 0.024 (0 - 0.049) 0.028 (0 - 0.056)
VA 0.094 (0 - 0.19) 0.17 (0 - 0.33) 0.2 (0 - 0.4) 0.23 (0 - 0.46)
VT 0.0009 (0 - 0.0018) 0.0017 (0 - 0.0034) 0.002 (0 - 0.004) 0.0023 (0 - 0.0047)
BUS
CT 0.0011 (0 - 0.0023) 0.0023 (0 - 0.0046) 0.0027 (0 - 0.0055) 0.0032 (0 - 0.0064)
DE 0.0037 (0 - 0.0075) 0.0066 (0 - 0.013) 0.0079 (0 - 0.016) 0.0092 (0 - 0.019)
MA 0.0024 (0 - 0.0049) 0.0048 (0 - 0.0098) 0.0058 (0 - 0.012) 0.0067 (0 - 0.014)
MD 0.014 (0 - 0.029) 0.028 (0 - 0.057) 0.034 (0 - 0.068) 0.039 (0 - 0.08)
ME 0.00038 (0 - 0.00077) 0.00085 (0 - 0.0017) 0.001 (0 - 0.0021) 0.0012 (0 - 0.0025)
NH 0.00065 (0 - 0.0013) 0.0014 (0 - 0.0029) 0.0017 (0 - 0.0034) 0.002 (0 - 0.004)
NJ 0.029 (0 - 0.06) 0.067 (0 - 0.13) 0.08 (0 - 0.16) 0.092 (0 - 0.19)
NY 0.088 (0 - 0.18) 0.18 (0 - 0.37) 0.22 (0 - 0.44) 0.25 (0 - 0.51)
PA 0.025 (0 - 0.05) 0.052 (0 - 0.11) 0.062 (0 - 0.13) 0.072 (0 - 0.15)
RI 0.00071 (0 - 0.0014) 0.0014 (0 - 0.0028) 0.0016 (0 - 0.0033) 0.0019 (0 - 0.0038)
VA 0.014 (0 - 0.028) 0.025 (0 - 0.05) 0.03 (0 - 0.06) 0.034 (0 - 0.07)
VT 0.00016 (0 - 0.00032) 0.0003 (0 - 0.0006) 0.00036 (0 - 0.00073) 0.00046 (0 - 0.00093)
Table 4.8: Asthma ER visits in the Northeast and Mid-Atlantic U.S. region by source state
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Unadjusted 0.31 0.37 0.43
Source
LDA
CT 450 (0 - 900) 910 (0 - 1,800) 1,100 (0 - 2,200) 1,300 (0 - 2,600)
DE 140 (0 - 290) 260 (0 - 520) 310 (0 - 620) 360 (0 - 720)
MA 620 (0 - 1,300) 1,200 (0 - 2,500) 1,500 (0 - 3,000) 1,700 (0 - 3,500)
MD 1,100 (0 - 2,300) 2,300 (0 - 4,600) 2,700 (0 - 5,500) 3,200 (0 - 6,400)
ME 37 (0 - 75) 82 (0 - 170) 98 (0 - 200) 110 (0 - 230)
NH 74 (0 - 150) 160 (0 - 320) 190 (0 - 390) 220 (0 - 450)
NJ 1,900 (0 - 3,900) 4,300 (0 - 8,700) 5,200 (0 - 10,000) 6,000 (0 - 12,000)
NY 2,000 (0 - 4,100) 4,200 (0 - 8,400) 5,000 (0 - 10,000) 5,800 (0 - 12,000)
PA 1,400 (0 - 2,700) 2,900 (0 - 5,800) 3,400 (0 - 6,900) 4,000 (0 - 8,000)
RI 90 (0 - 180) 170 (0 - 350) 200 (0 - 410) 240 (0 - 480)
VA 860 (0 - 1,700) 1,500 (0 - 3,100) 1,800 (0 - 3,700) 2,100 (0 - 4,300)
VT 15 (0 - 30) 28 (0 - 57) 33 (0 - 67) 39 (0 - 78)
LDT
CT 370 (0 - 750) 750 (0 - 1,500) 900 (0 - 1,800) 1,000 (0 - 2,100)
DE 140 (0 - 280) 250 (0 - 500) 290 (0 - 590) 340 (0 - 690)
MA 530 (0 - 1,100) 1,000 (0 - 2,100) 1,200 (0 - 2,500) 1,400 (0 - 2,900)
MD 1,100 (0 - 2,100) 2,100 (0 - 4,200) 2,500 (0 - 5,100) 2,900 (0 - 5,900)
ME 43 (0 - 88) 96 (0 - 190) 110 (0 - 230) 130 (0 - 270)
NH 76 (0 - 150) 170 (0 - 330) 200 (0 - 400) 230 (0 - 460)
NJ 1,500 (0 - 3,100) 3,500 (0 - 7,000) 4,100 (0 - 8,300) 4,800 (0 - 9,700)
NY 1,700 (0 - 3,500) 3,600 (0 - 7,200) 4,300 (0 - 8,600) 5,000 (0 - 10,000)
PA 1,300 (0 - 2,700) 2,800 (0 - 5,700) 3,400 (0 - 6,900) 3,900 (0 - 8,000)
RI 63 (0 - 130) 120 (0 - 240) 140 (0 - 290) 170 (0 - 340)
VA 860 (0 - 1,700) 1,500 (0 - 3,100) 1,800 (0 - 3,700) 2,100 (0 - 4,300)
VT 18 (0 - 36) 33 (0 - 66) 39 (0 - 79) 45 (0 - 92)
MDT
CT 6.9 (0 - 14) 14 (0 - 29) 17 (0 - 34) 20 (0 - 40)
DE 3.3 (0 - 6.7) 5.9 (0 - 12) 7 (0 - 14) 8.2 (0 - 17)
MA 20 (0 - 40) 40 (0 - 81) 48 (0 - 96) 55 (0 - 110)
MD 82 (0 - 170) 160 (0 - 330) 190 (0 - 390) 230 (0 - 460)
ME 3.9 (0 - 7.9) 8.7 (0 - 18) 10 (0 - 21) 12 (0 - 24)
NH 8.2 (0 - 17) 18 (0 - 36) 21 (0 - 43) 25 (0 - 50)
NJ 130 (0 - 270) 300 (0 - 600) 360 (0 - 720) 410 (0 - 840)
NY 190 (0 - 380) 390 (0 - 790) 470 (0 - 950) 540 (0 - 1,100)
PA 130 (0 - 270) 280 (0 - 570) 340 (0 - 680) 390 (0 - 790)
RI 7.6 (0 - 15) 14 (0 - 29) 17 (0 - 35) 20 (0 - 41)
VA 22 (0 - 45) 39 (0 - 80) 47 (0 - 95) 55 (0 - 110)
VT 0.45 (0 - 0.91) 0.82 (0 - 1.7) 0.99 (0 - 2) 1.2 (0 - 2.3)
HDT
CT 23 (0 - 46) 47 (0 - 94) 56 (0 - 110) 65 (0 - 130)
DE 9.2 (0 - 19) 16 (0 - 33) 20 (0 - 40) 23 (0 - 46)
MA 58 (0 - 120) 120 (0 - 230) 140 (0 - 280) 160 (0 - 320)
MD 130 (0 - 260) 250 (0 - 510) 300 (0 - 610) 350 (0 - 710)
ME 5.2 (0 - 11) 12 (0 - 23) 14 (0 - 28) 16 (0 - 32)
NH 4.4 (0 - 8.9) 9.5 (0 - 19) 11 (0 - 23) 13 (0 - 27)
NJ 170 (0 - 340) 380 (0 - 770) 460 (0 - 920) 530 (0 - 1,100)
NY 59 (0 - 120) 120 (0 - 240) 140 (0 - 290) 170 (0 - 340)
PA 200 (0 - 400) 420 (0 - 850) 500 (0 - 1,000) 580 (0 - 1,200)
RI 12 (0 - 23) 22 (0 - 45) 26 (0 - 54) 31 (0 - 62)
VA 64 (0 - 130) 110 (0 - 230) 130 (0 - 270) 160 (0 - 310)
VT 1.1 (0 - 2.2) 2.1 (0 - 4.2) 2.5 (0 - 5) 2.9 (0 - 5.8)
BUS
CT 1 (0 - 2.1) 2.1 (0 - 4.3) 2.6 (0 - 5.2) 3 (0 - 6)
DE 2.6 (0 - 5.3) 4.7 (0 - 9.5) 5.6 (0 - 11) 6.5 (0 - 13)
MA 2.9 (0 - 5.8) 5.7 (0 - 12) 6.8 (0 - 14) 7.9 (0 - 16)
MD 10 (0 - 21) 21 (0 - 41) 24 (0 - 50) 28 (0 - 58)
ME 0.5 (0 - 1) 1.1 (0 - 2.2) 1.3 (0 - 2.7) 1.6 (0 - 3.2)
NH 0.84 (0 - 1.7) 1.8 (0 - 3.7) 2.2 (0 - 4.4) 2.5 (0 - 5.1)
NJ 23 (0 - 46) 52 (0 - 100) 62 (0 - 120) 72 (0 - 140)
NY 58 (0 - 120) 120 (0 - 240) 140 (0 - 290) 170 (0 - 340)
PA 19 (0 - 38) 40 (0 - 81) 48 (0 - 97) 56 (0 - 110)
RI 0.77 (0 - 1.6) 1.5 (0 - 3) 1.8 (0 - 3.6) 2 (0 - 4.1)
VA 9.6 (0 - 19) 17 (0 - 34) 20 (0 - 41) 24 (0 - 48)
VT 0.22 (0 - 0.44) 0.41 (0 - 0.82) 0.49 (0 - 0.99) 0.6 (0 - 1.2)
Table 4.9: Asthma exacerbations in the Northeast and Mid-Atlantic U.S. region by source state
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Unadjusted 0.31 0.37 0.43
Source
LDA
CT 0.76 (0.45 - 1.1) 1.5 (0.93 - 2.2) 1.8 (1.1 - 2.7) 2.1 (1.3 - 3.1)
DE 0.29 (0.18 - 0.42) 0.52 (0.31 - 0.75) 0.62 (0.37 - 0.9) 0.72 (0.43 - 1)
MA 0.94 (0.56 - 1.4) 1.9 (1.1 - 2.7) 2.2 (1.3 - 3.2) 2.6 (1.6 - 3.7)
MD 1.9 (1.1 - 2.7) 3.8 (2.3 - 5.4) 4.5 (2.7 - 6.5) 5.2 (3.1 - 7.5)
ME 0.097 (0.058 - 0.14) 0.21 (0.13 - 0.31) 0.25 (0.15 - 0.37) 0.3 (0.18 - 0.43)
NH 0.13 (0.08 - 0.19) 0.29 (0.17 - 0.41) 0.34 (0.21 - 0.5) 0.4 (0.24 - 0.58)
NJ 3.6 (2.2 - 5.2) 8.2 (4.9 - 12) 9.8 (5.9 - 14) 11 (6.9 - 16)
NY 3.4 (2.1 - 4.9) 7.1 (4.2 - 10) 8.5 (5.1 - 12) 9.8 (5.9 - 14)
PA 2.7 (1.6 - 3.8) 5.6 (3.4 - 8.1) 6.7 (4 - 9.7) 7.8 (4.7 - 11)
RI 0.17 (0.1 - 0.24) 0.32 (0.19 - 0.46) 0.38 (0.23 - 0.55) 0.44 (0.27 - 0.64)
VA 1.6 (0.96 - 2.3) 2.8 (1.7 - 4) 3.4 (2 - 4.8) 3.9 (2.3 - 5.6)
VT 0.028 (0.017 - 0.041) 0.053 (0.032 - 0.076) 0.063 (0.038 - 0.091) 0.073 (0.044 - 0.11)
LDT
CT 0.62 (0.37 - 0.9) 1.3 (0.77 - 1.8) 1.5 (0.91 - 2.2) 1.8 (1.1 - 2.5)
DE 0.28 (0.17 - 0.41) 0.5 (0.3 - 0.73) 0.6 (0.36 - 0.87) 0.7 (0.42 - 1)
MA 0.8 (0.48 - 1.2) 1.6 (0.96 - 2.3) 1.9 (1.1 - 2.7) 2.2 (1.3 - 3.2)
MD 1.8 (1.1 - 2.5) 3.5 (2.1 - 5.1) 4.2 (2.5 - 6) 4.9 (2.9 - 7)
ME 0.12 (0.07 - 0.17) 0.26 (0.15 - 0.37) 0.31 (0.18 - 0.44) 0.36 (0.21 - 0.51)
NH 0.14 (0.083 - 0.2) 0.3 (0.18 - 0.43) 0.36 (0.21 - 0.52) 0.42 (0.25 - 0.6)
NJ 2.9 (1.8 - 4.2) 6.7 (4 - 9.6) 7.9 (4.8 - 11) 9.2 (5.5 - 13)
NY 3 (1.8 - 4.3) 6.1 (3.7 - 8.8) 7.3 (4.4 - 10) 8.5 (5.1 - 12)
PA 2.6 (1.6 - 3.8) 5.6 (3.3 - 8) 6.7 (4 - 9.6) 7.7 (4.6 - 11)
RI 0.12 (0.071 - 0.17) 0.23 (0.14 - 0.33) 0.27 (0.16 - 0.39) 0.32 (0.19 - 0.45)
VA 1.6 (0.97 - 2.3) 2.9 (1.7 - 4.1) 3.4 (2 - 4.9) 4 (2.4 - 5.7)
VT 0.033 (0.02 - 0.048) 0.062 (0.037 - 0.089) 0.074 (0.044 - 0.11) 0.085 (0.051 - 0.12)
MDT
CT 0.012 (0.0071 - 0.017) 0.024 (0.014 - 0.035) 0.029 (0.017 - 0.041) 0.033 (0.02 - 0.048)
DE 0.0068 (0.0041 - 0.0098) 0.012 (0.0073 - 0.017) 0.014 (0.0087 - 0.021) 0.017 (0.01 - 0.024)
MA 0.03 (0.018 - 0.044) 0.061 (0.036 - 0.087) 0.072 (0.043 - 0.1) 0.084 (0.05 - 0.12)
MD 0.14 (0.082 - 0.2) 0.27 (0.16 - 0.39) 0.32 (0.19 - 0.47) 0.38 (0.23 - 0.54)
ME 0.01 (0.0062 - 0.015) 0.023 (0.014 - 0.033) 0.027 (0.016 - 0.039) 0.032 (0.019 - 0.045)
NH 0.015 (0.0089 - 0.021) 0.032 (0.019 - 0.046) 0.038 (0.023 - 0.055) 0.044 (0.027 - 0.064)
NJ 0.25 (0.15 - 0.36) 0.57 (0.34 - 0.82) 0.68 (0.41 - 0.98) 0.79 (0.48 - 1.1)
NY 0.33 (0.2 - 0.47) 0.67 (0.4 - 0.97) 0.81 (0.48 - 1.2) 0.94 (0.56 - 1.3)
PA 0.26 (0.16 - 0.38) 0.56 (0.33 - 0.8) 0.66 (0.4 - 0.96) 0.77 (0.46 - 1.1)
RI 0.014 (0.0086 - 0.021) 0.027 (0.016 - 0.04) 0.033 (0.02 - 0.047) 0.038 (0.023 - 0.055)
VA 0.042 (0.025 - 0.06) 0.074 (0.044 - 0.11) 0.088 (0.053 - 0.13) 0.1 (0.061 - 0.15)
VT 0.00086 (0.00051 - 0.0012) 0.0016 (0.00094 - 0.0023) 0.0019 (0.0011 - 0.0027) 0.0022 (0.0013 - 0.0032)
HDT
CT 0.039 (0.023 - 0.056) 0.079 (0.047 - 0.11) 0.094 (0.057 - 0.14) 0.11 (0.066 - 0.16)
DE 0.02 (0.012 - 0.028) 0.035 (0.021 - 0.05) 0.041 (0.025 - 0.06) 0.048 (0.029 - 0.069)
MA 0.087 (0.052 - 0.13) 0.17 (0.1 - 0.25) 0.21 (0.12 - 0.3) 0.24 (0.14 - 0.35)
MD 0.21 (0.13 - 0.3) 0.41 (0.25 - 0.6) 0.5 (0.3 - 0.71) 0.58 (0.35 - 0.83)
ME 0.014 (0.0081 - 0.019) 0.03 (0.018 - 0.043) 0.036 (0.021 - 0.051) 0.042 (0.025 - 0.06)
NH 0.008 (0.0048 - 0.012) 0.017 (0.01 - 0.025) 0.021 (0.012 - 0.03) 0.024 (0.014 - 0.035)
NJ 0.31 (0.19 - 0.45) 0.71 (0.43 - 1) 0.85 (0.51 - 1.2) 0.98 (0.59 - 1.4)
NY 0.1 (0.061 - 0.15) 0.21 (0.13 - 0.3) 0.25 (0.15 - 0.36) 0.29 (0.18 - 0.42)
PA 0.39 (0.24 - 0.57) 0.83 (0.5 - 1.2) 0.99 (0.6 - 1.4) 1.2 (0.69 - 1.7)
RI 0.022 (0.013 - 0.031) 0.042 (0.025 - 0.06) 0.05 (0.03 - 0.072) 0.058 (0.035 - 0.083)
VA 0.12 (0.074 - 0.18) 0.22 (0.13 - 0.31) 0.26 (0.16 - 0.38) 0.3 (0.18 - 0.44)
VT 0.0021 (0.0013 - 0.003) 0.0039 (0.0024 - 0.0057) 0.0047 (0.0028 - 0.0068) 0.0055 (0.0033 - 0.0079)
BUS
CT 0.0018 (0.0011 - 0.0026) 0.0036 (0.0022 - 0.0052) 0.0044 (0.0026 - 0.0063) 0.005 (0.003 - 0.0073)
DE 0.0054 (0.0032 - 0.0078) 0.0096 (0.0058 - 0.014) 0.012 (0.0069 - 0.017) 0.013 (0.008 - 0.019)
MA 0.0044 (0.0027 - 0.0064) 0.0088 (0.0053 - 0.013) 0.011 (0.0063 - 0.015) 0.012 (0.0073 - 0.018)
MD 0.017 (0.01 - 0.025) 0.034 (0.021 - 0.049) 0.041 (0.025 - 0.059) 0.048 (0.029 - 0.068)
ME 0.0013 (0.0008 - 0.0019) 0.0029 (0.0018 - 0.0042) 0.0035 (0.0021 - 0.0051) 0.0041 (0.0025 - 0.0059)
NH 0.0015 (0.0009 - 0.0022) 0.0033 (0.002 - 0.0047) 0.0039 (0.0023 - 0.0056) 0.0045 (0.0027 - 0.0065)
NJ 0.044 (0.026 - 0.063) 0.099 (0.059 - 0.14) 0.12 (0.071 - 0.17) 0.14 (0.082 - 0.2)
NY 0.098 (0.059 - 0.14) 0.2 (0.12 - 0.29) 0.24 (0.14 - 0.35) 0.28 (0.17 - 0.4)
PA 0.037 (0.022 - 0.054) 0.079 (0.048 - 0.11) 0.095 (0.057 - 0.14) 0.11 (0.066 - 0.16)
RI 0.0015 (0.00088 - 0.0021) 0.0028 (0.0017 - 0.004) 0.0033 (0.002 - 0.0048) 0.0039 (0.0023 - 0.0056)
VA 0.018 (0.011 - 0.026) 0.031 (0.019 - 0.045) 0.037 (0.022 - 0.054) 0.043 (0.026 - 0.063)
VT 0.00042 (0.00025 - 0.00061) 0.00078 (0.00047 - 0.0011) 0.00095 (0.00057 - 0.0014) 0.0012 (0.00069 - 0.0017)
Table 4.10: Non-fatal heart attacks in the Northeast and Mid-Atlantic U.S. region by source state
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Unadjusted 0.31 0.37 0.43
Source
LDA
CT 0.88 (0.45 - 1.3) 1.8 (0.93 - 2.7) 2.1 (1.1 - 3.2) 2.5 (1.3 - 3.7)
DE 0.32 (0.17 - 0.48) 0.58 (0.3 - 0.86) 0.69 (0.36 - 1) 0.8 (0.42 - 1.2)
MA 1.2 (0.63 - 1.8) 2.4 (1.3 - 3.6) 2.9 (1.5 - 4.3) 3.3 (1.7 - 5)
MD 2.2 (1.1 - 3.2) 4.4 (2.3 - 6.5) 5.2 (2.7 - 7.7) 6 (3.1 - 8.9)
ME 0.096 (0.05 - 0.14) 0.21 (0.11 - 0.31) 0.25 (0.13 - 0.38) 0.29 (0.15 - 0.44)
NH 0.15 (0.08 - 0.23) 0.33 (0.17 - 0.5) 0.4 (0.21 - 0.59) 0.46 (0.24 - 0.69)
NJ 4 (2.1 - 5.9) 9 (4.7 - 13) 11 (5.6 - 16) 12 (6.5 - 18)
NY 4 (2.1 - 5.9) 8.2 (4.3 - 12) 9.8 (5.1 - 14) 11 (5.9 - 17)
PA 3 (1.6 - 4.4) 6.3 (3.3 - 9.4) 7.6 (3.9 - 11) 8.8 (4.6 - 13)
RI 0.19 (0.099 - 0.28) 0.37 (0.19 - 0.54) 0.44 (0.23 - 0.65) 0.51 (0.26 - 0.75)
VA 1.7 (0.88 - 2.5) 3 (1.6 - 4.4) 3.6 (1.9 - 5.3) 4.1 (2.2 - 6.1)
VT 0.033 (0.017 - 0.049) 0.061 (0.032 - 0.09) 0.073 (0.038 - 0.11) 0.085 (0.044 - 0.13)
LDT
CT 0.72 (0.37 - 1.1) 1.5 (0.77 - 2.2) 1.8 (0.92 - 2.6) 2.1 (1.1 - 3)
DE 0.31 (0.16 - 0.47) 0.56 (0.29 - 0.83) 0.67 (0.35 - 0.99) 0.78 (0.4 - 1.2)
MA 1 (0.53 - 1.5) 2 (1.1 - 3) 2.4 (1.3 - 3.6) 2.8 (1.5 - 4.2)
MD 2.1 (1.1 - 3) 4.1 (2.1 - 6) 4.9 (2.5 - 7.2) 5.7 (2.9 - 8.4)
ME 0.12 (0.06 - 0.17) 0.25 (0.13 - 0.38) 0.3 (0.16 - 0.45) 0.35 (0.18 - 0.52)
NH 0.16 (0.084 - 0.24) 0.35 (0.18 - 0.52) 0.42 (0.22 - 0.62) 0.48 (0.25 - 0.72)
NJ 3.2 (1.7 - 4.8) 7.3 (3.8 - 11) 8.7 (4.5 - 13) 10 (5.2 - 15)
NY 3.4 (1.8 - 5.1) 7.1 (3.7 - 10) 8.4 (4.4 - 12) 9.8 (5.1 - 15)
PA 3 (1.5 - 4.4) 6.3 (3.3 - 9.3) 7.5 (3.9 - 11) 8.7 (4.5 - 13)
RI 0.14 (0.071 - 0.2) 0.26 (0.13 - 0.38) 0.31 (0.16 - 0.46) 0.36 (0.19 - 0.53)
VA 1.7 (0.9 - 2.6) 3.1 (1.6 - 4.5) 3.6 (1.9 - 5.4) 4.2 (2.2 - 6.3)
VT 0.039 (0.02 - 0.058) 0.072 (0.038 - 0.11) 0.086 (0.045 - 0.13) 0.1 (0.052 - 0.15)
MDT
CT 0.014 (0.0071 - 0.02) 0.028 (0.014 - 0.041) 0.033 (0.017 - 0.049) 0.039 (0.02 - 0.057)
DE 0.0076 (0.0039 - 0.011) 0.014 (0.007 - 0.02) 0.016 (0.0084 - 0.024) 0.019 (0.0097 - 0.028)
MA 0.039 (0.02 - 0.058) 0.077 (0.04 - 0.11) 0.092 (0.048 - 0.14) 0.11 (0.056 - 0.16)
MD 0.16 (0.082 - 0.23) 0.31 (0.16 - 0.47) 0.38 (0.19 - 0.56) 0.44 (0.23 - 0.65)
ME 0.01 (0.0053 - 0.015) 0.023 (0.012 - 0.034) 0.027 (0.014 - 0.04) 0.031 (0.016 - 0.047)
NH 0.017 (0.0089 - 0.025) 0.037 (0.019 - 0.055) 0.044 (0.023 - 0.066) 0.052 (0.027 - 0.076)
NJ 0.27 (0.14 - 0.41) 0.62 (0.32 - 0.92) 0.74 (0.38 - 1.1) 0.86 (0.45 - 1.3)
NY 0.38 (0.2 - 0.56) 0.78 (0.41 - 1.2) 0.93 (0.48 - 1.4) 1.1 (0.56 - 1.6)
PA 0.3 (0.15 - 0.44) 0.63 (0.33 - 0.93) 0.75 (0.39 - 1.1) 0.87 (0.45 - 1.3)
RI 0.016 (0.0084 - 0.024) 0.031 (0.016 - 0.046) 0.037 (0.019 - 0.055) 0.043 (0.022 - 0.064)
VA 0.044 (0.023 - 0.066) 0.078 (0.041 - 0.12) 0.093 (0.048 - 0.14) 0.11 (0.056 - 0.16)
VT 0.001 (0.00052 - 0.0015) 0.0018 (0.00096 - 0.0027) 0.0022 (0.0012 - 0.0033) 0.0026 (0.0013 - 0.0038)
HDT
CT 0.045 (0.023 - 0.066) 0.092 (0.047 - 0.14) 0.11 (0.057 - 0.16) 0.13 (0.066 - 0.19)
DE 0.022 (0.011 - 0.032) 0.039 (0.02 - 0.058) 0.046 (0.024 - 0.069) 0.054 (0.028 - 0.08)
MA 0.11 (0.058 - 0.17) 0.22 (0.12 - 0.33) 0.27 (0.14 - 0.4) 0.31 (0.16 - 0.46)
MD 0.24 (0.13 - 0.36) 0.48 (0.25 - 0.71) 0.58 (0.3 - 0.85) 0.67 (0.35 - 0.99)
ME 0.014 (0.007 - 0.02) 0.03 (0.016 - 0.044) 0.036 (0.019 - 0.053) 0.041 (0.022 - 0.061)
NH 0.0093 (0.0048 - 0.014) 0.02 (0.01 - 0.03) 0.024 (0.012 - 0.036) 0.028 (0.015 - 0.041)
NJ 0.34 (0.18 - 0.51) 0.77 (0.4 - 1.1) 0.92 (0.48 - 1.4) 1.1 (0.56 - 1.6)
NY 0.12 (0.061 - 0.17) 0.24 (0.13 - 0.36) 0.29 (0.15 - 0.43) 0.34 (0.17 - 0.5)
PA 0.44 (0.23 - 0.66) 0.94 (0.49 - 1.4) 1.1 (0.58 - 1.7) 1.3 (0.68 - 1.9)
RI 0.025 (0.013 - 0.037) 0.048 (0.025 - 0.07) 0.057 (0.029 - 0.084) 0.066 (0.034 - 0.098)
VA 0.13 (0.07 - 0.2) 0.24 (0.12 - 0.35) 0.28 (0.15 - 0.42) 0.33 (0.17 - 0.49)
VT 0.0025 (0.0013 - 0.0037) 0.0046 (0.0024 - 0.0068) 0.0055 (0.0029 - 0.0082) 0.0064 (0.0033 - 0.0095)
BUS
CT 0.0021 (0.0011 - 0.003) 0.0042 (0.0022 - 0.0062) 0.005 (0.0026 - 0.0074) 0.0058 (0.003 - 0.0086)
DE 0.006 (0.0031 - 0.0089) 0.011 (0.0055 - 0.016) 0.013 (0.0066 - 0.019) 0.015 (0.0077 - 0.022)
MA 0.0056 (0.0029 - 0.0083) 0.011 (0.0058 - 0.017) 0.013 (0.007 - 0.02) 0.016 (0.0081 - 0.023)
MD 0.02 (0.01 - 0.03) 0.04 (0.021 - 0.059) 0.048 (0.025 - 0.071) 0.055 (0.029 - 0.082)
ME 0.0013 (0.00068 - 0.0019) 0.0029 (0.0015 - 0.0043) 0.0035 (0.0018 - 0.0052) 0.0041 (0.0021 - 0.0061)
NH 0.0018 (0.00091 - 0.0026) 0.0038 (0.002 - 0.0056) 0.0046 (0.0024 - 0.0067) 0.0053 (0.0027 - 0.0078)
NJ 0.047 (0.025 - 0.07) 0.11 (0.056 - 0.16) 0.13 (0.067 - 0.19) 0.15 (0.077 - 0.22)
NY 0.11 (0.059 - 0.17) 0.24 (0.12 - 0.35) 0.28 (0.15 - 0.42) 0.33 (0.17 - 0.48)
PA 0.042 (0.022 - 0.062) 0.089 (0.046 - 0.13) 0.11 (0.055 - 0.16) 0.12 (0.064 - 0.18)
RI 0.0017 (0.00086 - 0.0025) 0.0032 (0.0016 - 0.0047) 0.0038 (0.002 - 0.0056) 0.0044 (0.0023 - 0.0065)
VA 0.019 (0.0098 - 0.028) 0.033 (0.017 - 0.049) 0.04 (0.021 - 0.059) 0.046 (0.024 - 0.068)
VT 0.0005 (0.00026 - 0.00073) 0.00092 (0.00048 - 0.0014) 0.0011 (0.00058 - 0.0016) 0.0013 (0.0007 - 0.002)
Table 4.11: Respiratory Hospitalizations in the Northeast and Mid-Atlantic U.S. region by source
state
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Unadjusted 0.31 0.37 0.43
Source
LDA
CT 0.92 (0.63 - 1.2) 1.9 (1.3 - 2.5) 2.2 (1.5 - 2.9) 2.6 (1.8 - 3.4)
DE 0.35 (0.24 - 0.46) 0.63 (0.43 - 0.82) 0.75 (0.51 - 0.98) 0.87 (0.6 - 1.1)
MA 1.2 (0.83 - 1.6) 2.4 (1.7 - 3.2) 2.9 (2 - 3.8) 3.3 (2.3 - 4.4)
MD 2.3 (1.5 - 3) 4.5 (3.1 - 5.9) 5.3 (3.7 - 7) 6.2 (4.3 - 8.1)
ME 0.094 (0.065 - 0.12) 0.21 (0.14 - 0.27) 0.25 (0.17 - 0.33) 0.29 (0.2 - 0.38)
NH 0.16 (0.11 - 0.2) 0.34 (0.23 - 0.44) 0.4 (0.28 - 0.53) 0.47 (0.32 - 0.61)
NJ 4.7 (3.3 - 6.2) 11 (7.4 - 14) 13 (8.8 - 17) 15 (10 - 20)
NY 4.8 (3.3 - 6.3) 9.9 (6.8 - 13) 12 (8.1 - 15) 14 (9.4 - 18)
PA 3.4 (2.3 - 4.4) 7.1 (4.9 - 9.4) 8.5 (5.9 - 11) 9.9 (6.8 - 13)
RI 0.2 (0.14 - 0.26) 0.38 (0.26 - 0.5) 0.46 (0.32 - 0.6) 0.53 (0.37 - 0.7)
VA 1.8 (1.2 - 2.4) 3.2 (2.2 - 4.1) 3.8 (2.6 - 4.9) 4.4 (3 - 5.8)
VT 0.032 (0.022 - 0.041) 0.059 (0.04 - 0.077) 0.07 (0.048 - 0.092) 0.081 (0.056 - 0.11)
LDT
CT 0.76 (0.52 - 0.99) 1.5 (1.1 - 2) 1.8 (1.3 - 2.4) 2.1 (1.5 - 2.8)
DE 0.34 (0.23 - 0.45) 0.61 (0.42 - 0.8) 0.73 (0.5 - 0.95) 0.84 (0.58 - 1.1)
MA 1 (0.7 - 1.3) 2 (1.4 - 2.7) 2.4 (1.7 - 3.2) 2.8 (1.9 - 3.7)
MD 2.1 (1.4 - 2.8) 4.2 (2.9 - 5.5) 5 (3.4 - 6.6) 5.8 (4 - 7.6)
ME 0.11 (0.077 - 0.15) 0.25 (0.17 - 0.32) 0.29 (0.2 - 0.39) 0.34 (0.24 - 0.45)
NH 0.16 (0.11 - 0.21) 0.35 (0.24 - 0.46) 0.42 (0.29 - 0.55) 0.49 (0.33 - 0.64)
NJ 3.8 (2.6 - 5) 8.6 (5.9 - 11) 10 (7.1 - 14) 12 (8.2 - 16)
NY 4.1 (2.8 - 5.4) 8.4 (5.8 - 11) 10 (6.9 - 13) 12 (8 - 15)
PA 3.4 (2.3 - 4.4) 7.1 (4.9 - 9.3) 8.5 (5.8 - 11) 9.8 (6.8 - 13)
RI 0.14 (0.098 - 0.19) 0.27 (0.19 - 0.36) 0.33 (0.22 - 0.43) 0.38 (0.26 - 0.5)
VA 1.8 (1.3 - 2.4) 3.2 (2.2 - 4.2) 3.9 (2.6 - 5.1) 4.5 (3.1 - 5.9)
VT 0.037 (0.026 - 0.049) 0.069 (0.047 - 0.091) 0.082 (0.057 - 0.11) 0.096 (0.066 - 0.13)
MDT
CT 0.014 (0.0098 - 0.019) 0.029 (0.02 - 0.038) 0.035 (0.024 - 0.046) 0.041 (0.028 - 0.053)
DE 0.0082 (0.0056 - 0.011) 0.015 (0.01 - 0.019) 0.017 (0.012 - 0.023) 0.02 (0.014 - 0.027)
MA 0.039 (0.027 - 0.051) 0.077 (0.053 - 0.1) 0.092 (0.063 - 0.12) 0.11 (0.074 - 0.14)
MD 0.16 (0.11 - 0.21) 0.32 (0.22 - 0.42) 0.38 (0.26 - 0.5) 0.44 (0.31 - 0.58)
ME 0.01 (0.0069 - 0.013) 0.022 (0.015 - 0.029) 0.026 (0.018 - 0.035) 0.031 (0.021 - 0.04)
NH 0.017 (0.012 - 0.023) 0.037 (0.026 - 0.049) 0.045 (0.031 - 0.059) 0.052 (0.036 - 0.068)
NJ 0.33 (0.22 - 0.43) 0.74 (0.51 - 0.97) 0.88 (0.6 - 1.2) 1 (0.7 - 1.3)
NY 0.45 (0.31 - 0.59) 0.94 (0.64 - 1.2) 1.1 (0.77 - 1.5) 1.3 (0.89 - 1.7)
PA 0.33 (0.23 - 0.44) 0.71 (0.49 - 0.93) 0.85 (0.58 - 1.1) 0.98 (0.67 - 1.3)
RI 0.017 (0.012 - 0.023) 0.033 (0.023 - 0.043) 0.039 (0.027 - 0.052) 0.046 (0.031 - 0.06)
VA 0.047 (0.032 - 0.061) 0.083 (0.057 - 0.11) 0.099 (0.068 - 0.13) 0.11 (0.079 - 0.15)
VT 0.00095 (0.00065 - 0.0012) 0.0017 (0.0012 - 0.0023) 0.0021 (0.0014 - 0.0028) 0.0024 (0.0017 - 0.0032)
HDT
CT 0.047 (0.032 - 0.062) 0.096 (0.066 - 0.13) 0.11 (0.079 - 0.15) 0.13 (0.092 - 0.17)
DE 0.024 (0.016 - 0.031) 0.042 (0.029 - 0.055) 0.05 (0.034 - 0.066) 0.058 (0.04 - 0.076)
MA 0.11 (0.077 - 0.15) 0.22 (0.15 - 0.29) 0.27 (0.18 - 0.35) 0.31 (0.21 - 0.4)
MD 0.25 (0.17 - 0.32) 0.49 (0.34 - 0.64) 0.58 (0.4 - 0.76) 0.68 (0.47 - 0.89)
ME 0.013 (0.0092 - 0.018) 0.029 (0.02 - 0.039) 0.035 (0.024 - 0.046) 0.041 (0.028 - 0.054)
NH 0.0094 (0.0064 - 0.012) 0.02 (0.014 - 0.027) 0.024 (0.017 - 0.032) 0.028 (0.019 - 0.037)
NJ 0.41 (0.28 - 0.54) 0.93 (0.64 - 1.2) 1.1 (0.76 - 1.5) 1.3 (0.89 - 1.7)
NY 0.14 (0.095 - 0.18) 0.29 (0.2 - 0.38) 0.34 (0.23 - 0.45) 0.4 (0.27 - 0.52)
PA 0.5 (0.34 - 0.66) 1.1 (0.73 - 1.4) 1.3 (0.87 - 1.7) 1.5 (1 - 1.9)
RI 0.026 (0.018 - 0.034) 0.05 (0.034 - 0.066) 0.06 (0.041 - 0.078) 0.069 (0.048 - 0.091)
VA 0.14 (0.098 - 0.19) 0.25 (0.17 - 0.33) 0.3 (0.21 - 0.39) 0.35 (0.24 - 0.46)
VT 0.0023 (0.0016 - 0.0031) 0.0043 (0.003 - 0.0057) 0.0052 (0.0036 - 0.0068) 0.006 (0.0041 - 0.0079)
BUS
CT 0.0022 (0.0015 - 0.0028) 0.0044 (0.003 - 0.0058) 0.0053 (0.0036 - 0.0069) 0.0061 (0.0042 - 0.008)
DE 0.0065 (0.0045 - 0.0086) 0.012 (0.008 - 0.015) 0.014 (0.0095 - 0.018) 0.016 (0.011 - 0.021)
MA 0.0056 (0.0039 - 0.0074) 0.011 (0.0077 - 0.015) 0.013 (0.0092 - 0.018) 0.016 (0.011 - 0.02)
MD 0.02 (0.014 - 0.027) 0.041 (0.028 - 0.053) 0.048 (0.033 - 0.064) 0.056 (0.039 - 0.074)
ME 0.0013 (0.00088 - 0.0017) 0.0028 (0.0019 - 0.0037) 0.0034 (0.0024 - 0.0045) 0.004 (0.0027 - 0.0052)
NH 0.0018 (0.0012 - 0.0023) 0.0038 (0.0026 - 0.005) 0.0046 (0.0031 - 0.006) 0.0053 (0.0037 - 0.007)
NJ 0.057 (0.039 - 0.074) 0.13 (0.088 - 0.17) 0.15 (0.11 - 0.2) 0.18 (0.12 - 0.23)
NY 0.14 (0.096 - 0.18) 0.29 (0.2 - 0.38) 0.34 (0.24 - 0.45) 0.4 (0.27 - 0.52)
PA 0.048 (0.033 - 0.062) 0.1 (0.069 - 0.13) 0.12 (0.082 - 0.16) 0.14 (0.096 - 0.18)
RI 0.0018 (0.0012 - 0.0023) 0.0034 (0.0023 - 0.0044) 0.004 (0.0028 - 0.0053) 0.0047 (0.0032 - 0.0061)
VA 0.02 (0.014 - 0.026) 0.035 (0.024 - 0.046) 0.042 (0.029 - 0.055) 0.049 (0.033 - 0.064)
VT 0.00045 (0.00031 - 0.0006) 0.00084 (0.00058 - 0.0011) 0.001 (0.0007 - 0.0013) 0.0013 (0.00086 - 0.0016)
Table 4.12: Cardiovascular Hospitalizations in the Northeast and Mid-Atlantic U.S. region by source
state
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Unadjusted 0.31 0.37 0.43
Source
LDA
CT 1 (0.52 - 1.5) 2.1 (1.1 - 3.1) 2.5 (1.3 - 3.6) 2.9 (1.5 - 4.2)
DE 0.41 (0.21 - 0.6) 0.72 (0.38 - 1.1) 0.86 (0.45 - 1.3) 1 (0.52 - 1.5)
MA 1.3 (0.68 - 1.9) 2.6 (1.3 - 3.9) 3.1 (1.6 - 4.6) 3.6 (1.9 - 5.3)
MD 2.6 (1.4 - 3.9) 5.2 (2.7 - 7.7) 6.2 (3.2 - 9.2) 7.2 (3.7 - 11)
ME 0.035 (0.018 - 0.052) 0.078 (0.041 - 0.12) 0.093 (0.048 - 0.14) 0.11 (0.056 - 0.16)
NH 0.17 (0.088 - 0.25) 0.37 (0.19 - 0.54) 0.44 (0.23 - 0.65) 0.51 (0.26 - 0.75)
NJ 4.4 (2.3 - 6.5) 10 (5.2 - 15) 12 (6.2 - 18) 14 (7.2 - 21)
NY 4.5 (2.3 - 6.6) 9.2 (4.8 - 14) 11 (5.7 - 16) 13 (6.7 - 19)
PA 3.5 (1.8 - 5.2) 7.4 (3.8 - 11) 8.8 (4.6 - 13) 10 (5.3 - 15)
RI 0.2 (0.11 - 0.3) 0.39 (0.2 - 0.57) 0.46 (0.24 - 0.68) 0.54 (0.28 - 0.79)
VA 2.2 (1.2 - 3.3) 3.9 (2 - 5.8) 4.7 (2.4 - 6.9) 5.4 (2.8 - 8.1)
VT 0.04 (0.021 - 0.06) 0.075 (0.039 - 0.11) 0.09 (0.046 - 0.13) 0.1 (0.054 - 0.15)
LDT
CT 0.83 (0.43 - 1.2) 1.7 (0.88 - 2.5) 2 (1.1 - 3) 2.4 (1.2 - 3.5)
DE 0.4 (0.21 - 0.59) 0.7 (0.37 - 1) 0.84 (0.44 - 1.2) 0.98 (0.51 - 1.4)
MA 1.1 (0.58 - 1.6) 2.2 (1.1 - 3.3) 2.6 (1.4 - 3.9) 3.1 (1.6 - 4.5)
MD 2.4 (1.3 - 3.6) 4.9 (2.5 - 7.2) 5.8 (3 - 8.6) 6.8 (3.5 - 10)
ME 0.041 (0.021 - 0.061) 0.091 (0.047 - 0.13) 0.11 (0.056 - 0.16) 0.13 (0.065 - 0.19)
NH 0.18 (0.091 - 0.26) 0.38 (0.2 - 0.56) 0.45 (0.24 - 0.67) 0.53 (0.27 - 0.78)
NJ 3.6 (1.8 - 5.3) 8.1 (4.2 - 12) 9.6 (5 - 14) 11 (5.8 - 17)
NY 3.9 (2 - 5.7) 8 (4.1 - 12) 9.5 (5 - 14) 11 (5.8 - 16)
PA 3.5 (1.8 - 5.2) 7.4 (3.8 - 11) 8.8 (4.6 - 13) 10 (5.3 - 15)
RI 0.14 (0.075 - 0.21) 0.27 (0.14 - 0.41) 0.33 (0.17 - 0.49) 0.38 (0.2 - 0.56)
VA 2.3 (1.2 - 3.4) 4 (2.1 - 5.9) 4.8 (2.5 - 7.1) 5.6 (2.9 - 8.2)
VT 0.048 (0.025 - 0.071) 0.089 (0.046 - 0.13) 0.11 (0.055 - 0.16) 0.12 (0.064 - 0.18)
MDT
CT 0.016 (0.0082 - 0.023) 0.032 (0.017 - 0.048) 0.038 (0.02 - 0.057) 0.045 (0.023 - 0.066)
DE 0.0096 (0.005 - 0.014) 0.017 (0.0089 - 0.025) 0.02 (0.011 - 0.03) 0.024 (0.012 - 0.035)
MA 0.042 (0.022 - 0.063) 0.084 (0.044 - 0.12) 0.1 (0.052 - 0.15) 0.12 (0.061 - 0.17)
MD 0.19 (0.098 - 0.28) 0.37 (0.19 - 0.55) 0.45 (0.23 - 0.66) 0.52 (0.27 - 0.77)
ME 0.0038 (0.002 - 0.0056) 0.0084 (0.0043 - 0.012) 0.01 (0.0052 - 0.015) 0.012 (0.006 - 0.017)
NH 0.019 (0.0098 - 0.028) 0.041 (0.021 - 0.061) 0.049 (0.025 - 0.073) 0.057 (0.03 - 0.084)
NJ 0.3 (0.16 - 0.45) 0.68 (0.35 - 1) 0.82 (0.42 - 1.2) 0.95 (0.49 - 1.4)
NY 0.43 (0.22 - 0.64) 0.89 (0.46 - 1.3) 1.1 (0.55 - 1.6) 1.2 (0.64 - 1.8)
PA 0.35 (0.18 - 0.51) 0.74 (0.38 - 1.1) 0.88 (0.46 - 1.3) 1 (0.53 - 1.5)
RI 0.017 (0.0089 - 0.025) 0.033 (0.017 - 0.049) 0.039 (0.02 - 0.058) 0.046 (0.024 - 0.068)
VA 0.058 (0.03 - 0.086) 0.1 (0.053 - 0.15) 0.12 (0.064 - 0.18) 0.14 (0.074 - 0.21)
VT 0.0013 (0.00065 - 0.0019) 0.0023 (0.0012 - 0.0034) 0.0028 (0.0014 - 0.0041) 0.0032 (0.0017 - 0.0048)
HDT
CT 0.052 (0.027 - 0.077) 0.11 (0.055 - 0.16) 0.13 (0.066 - 0.19) 0.15 (0.076 - 0.22)
DE 0.028 (0.015 - 0.041) 0.05 (0.026 - 0.074) 0.059 (0.031 - 0.088) 0.069 (0.036 - 0.1)
MA 0.12 (0.063 - 0.18) 0.24 (0.13 - 0.36) 0.29 (0.15 - 0.43) 0.34 (0.17 - 0.5)
MD 0.29 (0.15 - 0.43) 0.57 (0.3 - 0.85) 0.69 (0.36 - 1) 0.8 (0.41 - 1.2)
ME 0.005 (0.0026 - 0.0075) 0.011 (0.0058 - 0.016) 0.013 (0.0069 - 0.02) 0.015 (0.008 - 0.023)
NH 0.01 (0.0053 - 0.015) 0.022 (0.011 - 0.033) 0.026 (0.014 - 0.039) 0.031 (0.016 - 0.046)
NJ 0.37 (0.19 - 0.55) 0.85 (0.44 - 1.3) 1 (0.52 - 1.5) 1.2 (0.61 - 1.7)
NY 0.13 (0.069 - 0.2) 0.28 (0.14 - 0.41) 0.33 (0.17 - 0.49) 0.38 (0.2 - 0.57)
PA 0.52 (0.27 - 0.77) 1.1 (0.57 - 1.6) 1.3 (0.68 - 1.9) 1.5 (0.79 - 2.3)
RI 0.026 (0.014 - 0.039) 0.05 (0.026 - 0.074) 0.06 (0.031 - 0.089) 0.069 (0.036 - 0.1)
VA 0.18 (0.092 - 0.26) 0.31 (0.16 - 0.46) 0.37 (0.19 - 0.55) 0.43 (0.22 - 0.64)
VT 0.0031 (0.0016 - 0.0046) 0.0058 (0.003 - 0.0085) 0.0069 (0.0036 - 0.01) 0.008 (0.0042 - 0.012)
BUS
CT 0.0024 (0.0012 - 0.0035) 0.0049 (0.0025 - 0.0072) 0.0058 (0.003 - 0.0086) 0.0068 (0.0035 - 0.01)
DE 0.0076 (0.0039 - 0.011) 0.014 (0.007 - 0.02) 0.016 (0.0084 - 0.024) 0.019 (0.0097 - 0.028)
MA 0.0061 (0.0032 - 0.0091) 0.012 (0.0063 - 0.018) 0.015 (0.0075 - 0.022) 0.017 (0.0088 - 0.025)
MD 0.024 (0.012 - 0.036) 0.048 (0.025 - 0.071) 0.057 (0.03 - 0.084) 0.066 (0.034 - 0.098)
ME 0.00045 (0.00023 - 0.00066) 0.00099 (0.00051 - 0.0015) 0.0012 (0.00064 - 0.0018) 0.0014 (0.00075 - 0.0021)
NH 0.0019 (0.001 - 0.0029) 0.0042 (0.0022 - 0.0062) 0.005 (0.0026 - 0.0074) 0.0058 (0.003 - 0.0087)
NJ 0.053 (0.027 - 0.078) 0.12 (0.062 - 0.18) 0.14 (0.074 - 0.21) 0.17 (0.086 - 0.25)
NY 0.13 (0.068 - 0.19) 0.27 (0.14 - 0.4) 0.32 (0.17 - 0.48) 0.37 (0.19 - 0.55)
PA 0.049 (0.026 - 0.073) 0.1 (0.054 - 0.15) 0.12 (0.064 - 0.18) 0.14 (0.075 - 0.21)
RI 0.0018 (0.00091 - 0.0026) 0.0034 (0.0017 - 0.005) 0.004 (0.0021 - 0.0059) 0.0047 (0.0024 - 0.0069)
VA 0.025 (0.013 - 0.037) 0.043 (0.023 - 0.064) 0.052 (0.027 - 0.077) 0.06 (0.031 - 0.089)
VT 0.00063 (0.00033 - 0.00094) 0.0012 (0.00061 - 0.0017) 0.0014 (0.00073 - 0.0021) 0.0017 (0.00089 - 0.0025)
Table 4.13: Respiratory ER visits in the Northeast and Mid-Atlantic U.S. region by source state
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Unadjusted 0.31 0.37 0.43
Source
LDA
CT 1.3 (0.86 - 1.6) 2.6 (1.8 - 3.4) 3.1 (2.1 - 4) 3.6 (2.5 - 4.7)
DE 0.51 (0.35 - 0.67) 0.9 (0.62 - 1.2) 1.1 (0.74 - 1.4) 1.3 (0.86 - 1.6)
MA 1.6 (1.1 - 2.1) 3.2 (2.2 - 4.2) 3.8 (2.6 - 5) 4.4 (3.1 - 5.8)
MD 3.4 (2.3 - 4.4) 6.7 (4.6 - 8.8) 8 (5.5 - 10) 9.3 (6.4 - 12)
ME 0.042 (0.029 - 0.055) 0.093 (0.064 - 0.12) 0.11 (0.076 - 0.15) 0.13 (0.089 - 0.17)
NH 0.2 (0.14 - 0.27) 0.44 (0.3 - 0.58) 0.53 (0.36 - 0.69) 0.61 (0.42 - 0.81)
NJ 6.1 (4.2 - 8) 14 (9.5 - 18) 17 (11 - 22) 19 (13 - 25)
NY 6 (4.1 - 7.9) 12 (8.6 - 16) 15 (10 - 20) 17 (12 - 23)
PA 4.4 (3 - 5.8) 9.4 (6.4 - 12) 11 (7.7 - 15) 13 (8.9 - 17)
RI 0.27 (0.19 - 0.36) 0.52 (0.36 - 0.69) 0.62 (0.43 - 0.82) 0.72 (0.5 - 0.95)
VA 2.7 (1.9 - 3.6) 4.8 (3.3 - 6.3) 5.8 (4 - 7.6) 6.7 (4.6 - 8.8)
VT 0.048 (0.033 - 0.063) 0.089 (0.061 - 0.12) 0.11 (0.073 - 0.14) 0.12 (0.085 - 0.16)
LDT
CT 1 (0.71 - 1.4) 2.1 (1.5 - 2.8) 2.5 (1.7 - 3.3) 2.9 (2 - 3.9)
DE 0.49 (0.34 - 0.65) 0.88 (0.6 - 1.2) 1 (0.72 - 1.4) 1.2 (0.84 - 1.6)
MA 1.4 (0.94 - 1.8) 2.7 (1.9 - 3.6) 3.2 (2.2 - 4.3) 3.8 (2.6 - 4.9)
MD 3.1 (2.2 - 4.1) 6.3 (4.3 - 8.2) 7.5 (5.1 - 9.8) 8.7 (6 - 11)
ME 0.049 (0.034 - 0.064) 0.11 (0.074 - 0.14) 0.13 (0.088 - 0.17) 0.15 (0.1 - 0.2)
NH 0.21 (0.15 - 0.28) 0.46 (0.32 - 0.6) 0.55 (0.38 - 0.72) 0.64 (0.44 - 0.84)
NJ 4.9 (3.4 - 6.5) 11 (7.7 - 15) 13 (9.2 - 18) 16 (11 - 20)
NY 5.2 (3.6 - 6.8) 11 (7.4 - 14) 13 (8.8 - 17) 15 (10 - 20)
PA 4.4 (3 - 5.8) 9.3 (6.4 - 12) 11 (7.6 - 15) 13 (8.9 - 17)
RI 0.19 (0.13 - 0.26) 0.37 (0.26 - 0.49) 0.44 (0.3 - 0.58) 0.51 (0.35 - 0.68)
VA 2.8 (1.9 - 3.7) 4.9 (3.4 - 6.5) 5.9 (4 - 7.7) 6.8 (4.7 - 9)
VT 0.056 (0.039 - 0.074) 0.1 (0.072 - 0.14) 0.12 (0.086 - 0.16) 0.14 (0.1 - 0.19)
MDT
CT 0.02 (0.014 - 0.026) 0.04 (0.028 - 0.053) 0.048 (0.033 - 0.063) 0.056 (0.038 - 0.073)
DE 0.012 (0.0082 - 0.016) 0.021 (0.015 - 0.028) 0.025 (0.017 - 0.033) 0.029 (0.02 - 0.039)
MA 0.052 (0.036 - 0.068) 0.1 (0.071 - 0.14) 0.12 (0.085 - 0.16) 0.14 (0.099 - 0.19)
MD 0.24 (0.17 - 0.32) 0.48 (0.33 - 0.63) 0.57 (0.39 - 0.75) 0.67 (0.46 - 0.87)
ME 0.0045 (0.0031 - 0.0059) 0.0099 (0.0068 - 0.013) 0.012 (0.0082 - 0.016) 0.014 (0.0095 - 0.018)
NH 0.023 (0.016 - 0.03) 0.05 (0.034 - 0.065) 0.059 (0.041 - 0.078) 0.069 (0.047 - 0.09)
NJ 0.42 (0.29 - 0.56) 0.96 (0.66 - 1.3) 1.1 (0.78 - 1.5) 1.3 (0.91 - 1.7)
NY 0.58 (0.4 - 0.76) 1.2 (0.82 - 1.6) 1.4 (0.97 - 1.9) 1.6 (1.1 - 2.2)
PA 0.44 (0.3 - 0.57) 0.92 (0.63 - 1.2) 1.1 (0.76 - 1.4) 1.3 (0.88 - 1.7)
RI 0.023 (0.016 - 0.031) 0.045 (0.031 - 0.059) 0.053 (0.037 - 0.07) 0.062 (0.043 - 0.082)
VA 0.072 (0.049 - 0.094) 0.13 (0.087 - 0.17) 0.15 (0.1 - 0.2) 0.18 (0.12 - 0.23)
VT 0.0015 (0.001 - 0.0019) 0.0027 (0.0018 - 0.0035) 0.0032 (0.0022 - 0.0042) 0.0038 (0.0026 - 0.0049)
HDT
CT 0.064 (0.044 - 0.085) 0.13 (0.091 - 0.17) 0.16 (0.11 - 0.21) 0.18 (0.13 - 0.24)
DE 0.035 (0.024 - 0.045) 0.062 (0.042 - 0.081) 0.073 (0.05 - 0.096) 0.085 (0.059 - 0.11)
MA 0.15 (0.1 - 0.2) 0.3 (0.21 - 0.39) 0.36 (0.24 - 0.47) 0.41 (0.28 - 0.54)
MD 0.37 (0.25 - 0.49) 0.74 (0.51 - 0.97) 0.88 (0.6 - 1.2) 1 (0.7 - 1.3)
ME 0.006 (0.0041 - 0.0079) 0.013 (0.0091 - 0.017) 0.016 (0.011 - 0.021) 0.018 (0.013 - 0.024)
NH 0.012 (0.0085 - 0.016) 0.027 (0.018 - 0.035) 0.032 (0.022 - 0.042) 0.037 (0.025 - 0.049)
NJ 0.53 (0.36 - 0.69) 1.2 (0.82 - 1.6) 1.4 (0.98 - 1.9) 1.7 (1.1 - 2.2)
NY 0.18 (0.12 - 0.24) 0.37 (0.26 - 0.49) 0.44 (0.31 - 0.58) 0.52 (0.35 - 0.68)
PA 0.65 (0.45 - 0.86) 1.4 (0.95 - 1.8) 1.6 (1.1 - 2.2) 1.9 (1.3 - 2.5)
RI 0.035 (0.024 - 0.047) 0.068 (0.047 - 0.089) 0.081 (0.056 - 0.11) 0.094 (0.065 - 0.12)
VA 0.22 (0.15 - 0.29) 0.38 (0.26 - 0.5) 0.46 (0.31 - 0.6) 0.53 (0.37 - 0.7)
VT 0.0036 (0.0025 - 0.0047) 0.0067 (0.0046 - 0.0088) 0.008 (0.0055 - 0.01) 0.0093 (0.0064 - 0.012)
BUS
CT 0.003 (0.002 - 0.0039) 0.0061 (0.0042 - 0.008) 0.0073 (0.005 - 0.0095) 0.0084 (0.0058 - 0.011)
DE 0.0095 (0.0065 - 0.012) 0.017 (0.012 - 0.022) 0.02 (0.014 - 0.026) 0.023 (0.016 - 0.031)
MA 0.0075 (0.0052 - 0.0099) 0.015 (0.01 - 0.02) 0.018 (0.012 - 0.023) 0.021 (0.014 - 0.027)
MD 0.031 (0.021 - 0.04) 0.061 (0.042 - 0.08) 0.073 (0.05 - 0.095) 0.084 (0.058 - 0.11)
ME 0.00052 (0.00036 - 0.00069) 0.0012 (0.0008 - 0.0015) 0.0015 (0.001 - 0.0019) 0.0017 (0.0012 - 0.0022)
NH 0.0023 (0.0016 - 0.0031) 0.0051 (0.0035 - 0.0067) 0.0061 (0.0042 - 0.008) 0.0071 (0.0049 - 0.0093)
NJ 0.073 (0.05 - 0.096) 0.17 (0.11 - 0.22) 0.2 (0.14 - 0.26) 0.23 (0.16 - 0.3)
NY 0.17 (0.12 - 0.23) 0.36 (0.25 - 0.47) 0.43 (0.29 - 0.56) 0.5 (0.34 - 0.65)
PA 0.062 (0.043 - 0.081) 0.13 (0.09 - 0.17) 0.16 (0.11 - 0.21) 0.18 (0.12 - 0.24)
RI 0.0024 (0.0016 - 0.0031) 0.0046 (0.0031 - 0.006) 0.0055 (0.0037 - 0.0072) 0.0063 (0.0044 - 0.0083)
VA 0.03 (0.021 - 0.04) 0.053 (0.037 - 0.07) 0.064 (0.044 - 0.084) 0.074 (0.051 - 0.097)
VT 0.00072 (0.0005 - 0.00095) 0.0013 (0.00092 - 0.0018) 0.0016 (0.0011 - 0.0021) 0.002 (0.0014 - 0.0026)
Table 4.14: Cardiovascular ER visits in the Northeast and Mid-Atlantic U.S. region by source state
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CHAPTER 5 IMPACTS OF TRADITIONAL AND ALTERNATE JET FUELS
5.1 Introduction
Commercial aviation emissions’ impact on air quality has been estimated to be responsible for
approximately 16,000 premature deaths each year globally (Yim et al. 2015, Grobler et al. 2019). Both
international and domestic forecasts for aviation traffic call for continued growth, 2.1 % and 3.5 %
growth in revenue passenger miles over the next 20 years, respectively (FAA 2014), with total fuel burn
from commercial aircraft increasing by 71% between 1992 and 2006 (Olsen et al. 2013) and increasing
by 28% since 2006 (Grobler et al. 2019). Modeling studies have aimed to quantify air quality impacts
and climate effects from all stages of an aircraft’s flight trajectory, often looking at impacts at the
landing and takeoff (LTO) stages (Arunachalam et al. 2011, Unal et al. 2005, Woody et al. 2011, Levy,
Woody, Baek, Shankar & Arunachalam 2012, Lee et al. 2013, Woody & Arunachalam 2013, Wolfe
et al. 2014, Vennam et al. 2015, Woody et al. 2015, Woody et al. 2016, Penn, Boone, Harvey,
Heiger-Bernays, Tripodis, Arunachalam & Levy 2017b) (below 3,000 ft) and full-flight (cruise)
stages (Barrett et al. 2010, Barrett et al. 2012, Koo et al. 2013, Caiazzo et al. 2017, Cameron
et al. 2017, Grobler et al. 2019, Quadros et al. 2020, Lee et al. 2021).
A recent paper by Dedoussi et al. 2021 has highlighted the important research questions
surrounding aviation-attributable air pollution such as global impacts versus local impacts, aviation’s
impact in a changing atmosphere, and emission reduction strategies focused on technological changes
such as alternative jet fuels. Recent modeling studies have aimed to quantify global impacts from
full-flight cruise emissions; with over 75% of health impacts due to aviation-attributable air pollution
estimated to be from full-flight emissions (Barrett et al. 2010, Yim et al. 2015, Dedoussi 2021).
However, global studies may not be capturing the local impacts due to limited chemistry and
coarser model grid cell resolutions (Barrett et al. 2010, Levy, Woody, Baek, Shankar & Arunachalam
2012, Dedoussi et al. 2020). Local to regional scale modeling efforts to quantify health impacts
from aviation-attributable pollution in the U.S. have utilized emission inventories from the early
2000s (Ratliff et al. 2009, Levy, Woody, Baek, Shankar & Arunachalam 2012, Lee et al. 2013, Koo
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et al. 2013, Ashok et al. 2013, Wolfe et al. 2014, Yim et al. 2015, Penn, Boone, Harvey, Heiger-Bernays,
Tripodis, Arunachalam & Levy 2017b) which do not represent the impacts of the economic recession
in 2007-2009 and the impacts of a changing U.S. atmosphere (Pye et al. 2020, Dedoussi 2021). In
fact, the recession in 2007-2009 had slowed aviation growth such that U.S. commercial air carriers’
total number of domestic departures had not increased above 2007 levels until 2016(FAA 2014).
And as far as the authors are aware, no study that has looked at health impacts from aviation-
attributable air pollution have quantified the impacts from aviation-attributable NO2, a potentially
dangerous local-scale pollutant from mobile sources (Khreis et al. 2017, RW Atkinson and BK
Butland 2018, Mohegh et al. 2020). And while one study has looked at the air-quality-related
health benefits from desulfurizing jet fuel (Barrett et al. 2012), and two others have looked at
the non-volatile particulate matter (nvPM) emissions reductions from alternative jet fuels (Speth
et al. 2015, Lobo et al. 2011), no study has looked to quantify the air-quality-related health benefits
from fleet-wide implementation of sustainable alternative jet fuel.
This study aims to address some of the gaps of the prior studies by quantifying LTO aviation-
attributable PM2.5, O3, and NO2 concentrations and health impacts in the continental U.S. (CONUS)
for two years 2011 and 2016. Two additional 2016 LTO emission inventories have been generated
and modeled to quantify the air quality impacts of a 5% and 50% blend of sustainable alternative jet
fuel implemented across the U.S. This will be the first study to quantify the impacts from aviation-
attributable NO2 in the U.S. and the implementation of sustainable alternative jet fuel blends. We
hope these results can add to the growing list of literature surrounding aviation-attributable air
pollution.
5.2 Methods
We utilize a modeling platform consisting of the Weather Research and Forecasting (WRF)
model (Skamarock et al. 2008) to process meteorology inputs, the Sparse Matrix Operator Kernel
Emissions (Baek & Seppanen 2018) (SMOKE) model to process background emissions, and the
Community Multi-Scale Air Quality Model (CMAQ) to estimate LTO aviation-attributable PM2.5,
O3 , and NO2 across the continental U.S. (CONUS) for the years 2011 and 2016. CMAQv5.2 (U.S.
EPA Office of Research and Development 2017) with the Carbon Bond 6 revision 3 mechanism
(CB6r3) (Luecken et al. 2019) is used to quantify pollutant concentrations across our modeling
domain. Our modeling domain covers the entire U.S. with 12x12 km horizontal grid cell resolution.
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Background emissions (all sectors excluding commercial aviation) are from the U.S. Environmental
Protection Agency’s 2011 (2011 NEI v2) (U.S. Environmental Protection Agency 2015a) and 2016
(2016 NEI v1) (U.S. Environmental Protection Agency 2020b) National Emissions Inventories.
Aircraft emissions in this study were constructed from the FAA’s Aviation Emission Design Tool
(AEDT) (FAA-AEDT 2016) for NAS-wide LTO aircraft activity for the years 2011 and 2015. LTO
segments from AEDT datasets were processed into gridded emission rate files using AEDTProc (Baek
et al. 2012) such that LTO emissions of NOX (speciated to NO, NO2 and HONO), CO, SO2, total
organic gases (TOG) (speciated to CB6r3 model species according to EPA’s speciation profile), and
primary PM (sulfate, organic aerosols, and elemental carbon) are allocated to CMAQ-ready emission
input files. Two additional LTO emissions inventories were generated to represent the expected
emissions if sustainable alternative jet fuels (AJFs) were implemented across the U.S. as a 5% blend
of existing jet fuel and a 50% blend of existing jet fuel. These inventories were generated by scaling
hourly emission rates of the 2015 LTO inventory by fractional impact factors derived from field
studies as defined in a recent study from the Airports Cooperative Research Program (ACRP) that
quantified emissions reductions due to use of alternate jet fuels (BA Hamilton 2019).
The health impact assessment tool BenMAPR is used to quantify the expected mortalities
and morbidities due to LTO-attributable pollutants. Similar to the U.S. EPA’s Benefits Mapping
and Analysis Program (BenMAP) (Sacks et al. 2018), BenMAPR is a geospatial air pollution
health impact assessment modeling platform that links air pollution exposures to data on exposed
populations and their background health. It then calculates the health impacts of these exposures
using CRFs from the epidemiological literature. For quantifying PM2.5-attributable premature
mortalities, we make use of a CRF from a recently published meta-analysis (Vodonos et al. 2018)
that found a 1.29% (95%CI 1.09-1.5) increase in all-cause mortality per 10 µg/m3 increase in PM2.5.
For O3-attributable premature mortalities, we use a CRF associating all-cause mortality to long-term
O3 exposure with a hazards ratio of 1.02 (95%CI 1.01-1.04) per 10 ppb increase in O3 (Turner
et al. 2016). For NO2-attributable premature mortalities, we use a CRF from a meta-analysis that
found a pooled effect on mortality to be 1.04 (95% CI 1.02 - 1.06) with an increase in 10 µg/m3
in NO2 (Faustini et al. 2014). Although BenMAP includes CRFs for our outcomes of interest by
default, many of the studies were published over 10 years ago. In order to generate the most accurate
results to present day health outcomes, we searched for CRFs in studies more recent than those in
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BenMAP. To develop this library of CRFs, we first searched for CRFs from the existing air pollution
epidemiology literature, focusing on studies that were either meta-analyses of many studies, or studies
with large, multi-year, multi-location cohorts. We prioritized studies that included North American
populations, and if none were available, we looked to studies that utilized European populations.
For health outcomes where no CRF met this criteria, we relied on the best available CRF from a
population within the aforementioned geographies. If no suitable CRF could be found, we then relied
on the CRFs that are currently used in BenMAP. We calculated beta coefficients for each of the CRFs
in order to quantify the effect on health outcome per one-unit change of pollutant concentrations.
We did so by taking the natural log of each effect estimate and dividing it by the estimated change
in exposure. We obtained population data for BenMAPR from the American Community Survey
from the U.S. Census Bureau, by age group and by census tract. We obtained baseline mortality
rates from the Wide-Ranging Online Database for Epidemiological Research from the U.S. Centers
for Disease Control (U.S. CDC). We obtained baseline data on adult hospitalizations from BenMAP,
which sources them from the Health Care Utilization Project (HCUP) within the Agency for Health
Care Research and Quality (ACRQ), within the U.S. Department of Health and Human Services
(U.S. DHHS). We obtained baseline data on asthma exacerbations, hospitalizations, and emergency
department visits in children from the U.S. CDC.
5.3 Results
5.3.1 Emissions
Table 5.1 shows the annual emissions of CONUS LTO carbon monoxide (CO), nitrogen oxides
(NOX ), primary elemental carbon (PEC), and sulfur dioxide (SOX ) for each simulation year.
Emissions increase from 2011 to 2016 while CO, PEC, and SOX decrease under the 5% and 50%
2016 AJF scenarios with the amount decreased given by the impact factors in the ACRP report. It
is important to note that other emission species, such as NOX , hazardous air pollutants (HAPs),
and volatile organic compounds (VOC) are believed to be reduced with the implementation of
sustainable alternative jet fuels but the authors of the ACRP report found no statistically significant
impact for NOX and HAPs and no statistically meaningful results for VOCs from their fitting of
the experimental data. Hence, the authors cautioned applying impact factors for those species and
we chose to leave those emission species unchanged from 2016 in the 5% and 50% blend scenarios.
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2011 2016 2016AJF5 2016AJF50
Flights 24,151,176 24,141,257 24,141,257 24,141,257
CO (Tons/year) 44,637 49,382 48,888 44,049
NOX (Tons/year) 64,056 73,926 73,926 73,926
PEC (Tons/year) 161 164 149 58
SOX (Tons/year) 5,481 6,038 5,814 3,773
Table 5.1: LTO emissions in the U.S. for each scenario
We are able to quantify airport level emissions by looking at the emissions in the airport-containing
grid cell. Figure 5.1 shows the CO, NOX , PEC, and SOX emissions at the airport-containing
grid cells for the top 28 airports in terms of passenger boardings (Air Carrier Activity Information
System (ACAIS) 2015). The ORD-containing grid cell has the most NOX emissions at 2,184 tons
in 2011 and the JFK-containing grid cell has the most NOX emissions at 2,880 tons in 2016. The
ATL-containing grid cell has the most CO emissions at 1,421 tons in 2011 and the LAX-containing
grid cell has the most CO emissions at 1,519 tons in 2016. The ATL-containing grid cell has the
most PEC emissions at 3.7 tons in 2011 and at 3.7 tons in 2016. The ORD-containing grid cell has
the most SOX emissions at 172 tons in 2011 and at 192 tons in 2016. Emissions at the grid cell
level are largely linear with respect to the number of flights at these airports. Figures 5.16-5.19 show
the number of arrivals and departures at 66 airports across the U.S. versus emissions of NOX , CO,





















































Table 5.2 shows the CONUS-averaged population-weighted concentrations for LTO-attributable
PM2.5, O3, and NO2. PM2.5 and NO2 concentrations represent the annual average while O3
concentrations represent the annual average of the daily 8 hour maximum. PM2.5 population-weighted
concentrations increase by 7.7% from 2011 to 2016. PM2.5 population-weighted concentrations are
expected to decrease in 2016 by 2.4% if a 5% blend of sustainable alternative jet fuel is implemented
and 18.4% if a 50% blend is implemented. O3 population-weighted concentrations are negative
in both 2011 and 2016, meaning that LTO emissions near the airport are removing O3. This is
due to localized NOX /VOC ratios impacting whether O3 formation is limited by NOX or VOC
concentrations and as it is often the case for densely populated urban areas; NOX emissions can
lead to a reduction in O3 in VOC-limited areas. From table 5.1 we can see that NOX emissions from
LTO across the U.S. are larger in 2016 than 2011 which corresponds to an 82% decrease in O3. As
both NOX and VOC emissions are unaffected by the implementation of sustainable alternative jet
fuels, O3 concentrations are not impacted. NO2 population-weighted concentrations increase by 77%
from 2011 to 2016 and are also unaffected by the implementation of sustainable alternative jet fuels.
Figures 5.2-5.4 show the LTO-attributable PM2.5, O3, and NO2 concentrations, respectively
across the continental U.S. aggregated to the county scale for both 2011 and 2016. Impacts for all
three pollutants are localized to counties containing airports. Large negative O3 concentrations
(in blue in figure 5.3) outweigh positive O3 concentrations that are occurring downwind of the
airports in NOX -limited areas. Figures 5.5-5.7 show the monthly LTO-attributable PM2.5, O3, and
NO2 concentrations, respectively across the continental U.S. for 2011 and 2016 as boxplots for all
grid cells within the continental U.S. (top of each figure) and the monthly mean LTO-attributable
concentrations (bottom of each figure). The distribution of grid cell concentrations shows the
localized impacts of LTO emissions with outlier points being order of magnitudes larger than the
mean values. These outliers drive the population-weighted exposures and as we will see, the health
outcomes. Mean values of O3 and NO2 show opposite monthly trends with mean LTO-attributable
O3 concentrations peaking in the summer and diminishing in the winter and LTO-attributable NO2
exhibiting the opposite. Both LTO-attributable O3 and NO2 impacts are driven by LTO NOX
emissions.
Similar to individual airport’s emissions, we can look at the concentrations of PM2.5, O3, and
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2011 2016 2016AJF5 2016AJF50
PM2.5 (µg/m3) 2.72E-03 2.93E-03 2.86E-03 2.39E-03
O3 (ppb) -8.24E-03 -1.50E-02 -1.50E-02 -1.50E-02
NO2 (ppb) 3.92E-02 6.93E-02 6.94E-02 6.94E-02
Table 5.2: Population weighted concentrations due to LTO emissions in the U.S.
NO2 at the airport-containing grid cell level. Figure 5.8 shows the pollutant concentrations at the
airport-containing grid cell level for the same group of airports in figure 5.1. The SFO-containing
grid cell has the largest PM2.5 concentration at 5.4E-02 µg/m3 in 2011 and the LAX-containing grid
cell has the largest PM2.5 concentration at 4.9E-02 µg/m3 in 2016. O3 titration impacts are seen at
the airport-containing grid cell level where O3 concentrations are all negatively impacted by the
addition of LTO emissions. The SFO-containing grid cell has the largest negative O3 concentration
at -1.13 ppb in 2011 and -1.86 ppb in 2016. The LAX-containing grid cell has the largest NO2
concentration at 1.76 ppb in 2011 and 4.44 ppb in 2016. Impacts in the SFO-containing grid cell may
not be entirely due to LTO activity from SFO due to the close proximity to OAK (see figure 5.20).
Figure 5.21 breaks down the PM2.5 at the airport-containing grid cell level into concentrations of
ammonium (NH+4 ), nitrate (NO
−
3 ), sulfate (SO
2−
4 ), elemental carbon (EC), and organic matter
(OM) chemical constituents. LTO emissions are positively contributing to concentrations of NH+4 ,
SO2−4 , EC, and OM while concentrations of NO
−
3 are negatively impacted. Negative impacts on
NO−3 and O3 concentrations at the grid cell level can be explained by LTO emissions of NO being
converted to NO2. This process is possible due to the reaction of NO with O3, which results in
O3 concentrations being reduced and NO2 concentrations increasing. NO2 is able to react with
NO−3 to form N2O5. Hence, the reduction of both NO
−
3 and O3 can also impact secondary organic
aerosol (SOA) formation as both NO−3 and O3 are precursors needed for SOA formation (Woody &
Arunachalam 2013); which we are able to see by looking at the few cases in which OM is negatively
impacted in 2016 in the ATL, IAH, MCO, and SFO-containing grid cells. LTO emissions of NOX at
the airport-containing grid cell level are fairly linear with NO2 concentrations (Figure 5.22) and O3
concentrations (Figure 5.23) with opposite correlations.
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Figure 5.2: LTO-attributable PM2.5 concentrations in 2011 (left) and 2016 (right)
Figure 5.3: LTO-attributable O3 concentrations in 2011 (left) and 2016 (right)
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Figure 5.4: LTO-attributable NO2 concentrations in 2011 (left) and 2016 (right)
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Figure 5.5: Monthly LTO-attributable PM2.5 concentrations for the grid cells that comprise the
continental U.S.
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Figure 5.6: Monthly LTO-attributable O3 concentrations for the grid cells that comprise the
continental U.S.
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Figure 5.7: Monthly LTO-attributable NO2 concentrations for the grid cells that comprise the
continental U.S.
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Figure 5.8: LTO-attributable PM2.5, O3, and NO2 concentrations in the airport-containing grid cells
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5.3.3 Health Impacts
Table 5.3 shows the total adverse health outcomes due to air quality degradation from LTO
emissions in the U.S. in 2011 and 2016 and under two sustainable alternative jet fuel implementation
scenarios in 2016. PM2.5-attributable premature deaths increase by 10% from 2011 to 2016. We
estimate a net decrease in O3-attributable premature deaths across the U.S. in both 2011 and 2016
due to the large O3 titration effects near the airports. Hence, the titration of O3 in heavily populated
regions around airports outweigh the formation of O3 downwind. That is not to say that there
are no adverse O3 health outcomes in communities downwind of airports as we will see for health
outcomes broken down by state in the next section. NO2-attributable premature deaths increase by
80% from 2011 to 2016 and are responsible for 91% of total premature deaths in both 2011 and
2016. Implementing a 5% or 50% blend of sustainable alternative jet fuel in 2016 results in a 1% or
18% reduction, respectively in PM2.5-attributable premature deaths in 2016.
Figures 5.9-5.11 show the number of PM2.5, O3, and NO2-attributable deaths, respectively in
each state. California saw the most PM2.5-attributable deaths in 2011 and 2016 with 17.7 (14.9 -
20.6, 95% CI) and 23.7 (20.0 - 27.5) deaths, respectively. Texas saw the most O3-attributable deaths
in 2011 with 2.0 (1.0 - 4.1) deaths while Georgia saw the most O3-attributable deaths in 2016 with
3.3 (1.6 - 6.6) deaths. California saw the most NO2-attributable deaths in 2011 and 2016 with 155
(78 - 233) and 323 (161 - 484) deaths, respectively.
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Figure 5.9: PM2.5-attributable deaths in each state in 2011 (left) and 2016 (right), the orange bars
reflect the 95% confidence intervals from the uncertainties in the CRFs
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2011 2016 2016AJF5 2016AJF50
Premature Deaths
PM2.5 80 (68 - 93 ) 88 ( 75 - 100 ) 87 ( 73 - 100 ) 72 ( 61 - 84 )
O3 -28 (-14 - -56 ) -54 ( -27 - -110 ) -54 ( -27 - -110 ) -54 ( -27 - -110 )
NO2 610 (310 - 920 ) 1,100 ( 570 - 1,700 ) 1,100 ( 570 - 1,700 ) 1,100 ( 570 - 1,700 )
Total 670 (360 - 960 ) 1,200 ( 610 - 1,700 ) 1,200 ( 610 - 1,700 ) 1,100 ( 600 - 1,700 )
Cardiovascular Hospitalizations PM2.5 3.7 (2.6 - 4.9 ) 4.6 ( 3.1 - 6 ) 4.5 ( 3.1 - 5.9 ) 3.7 ( 2.6 - 4.9 )
Respiratory Hospitalizations
PM2.5 3.7 (1.9 - 5.4 ) 4.5 ( 2.3 - 6.6 ) 4.4 ( 2.3 - 6.5 ) 3.7 ( 1.9 - 5.4 )
O3 -12 (-4.5 - -20 ) -25 ( -8.9 - -40 ) -25 ( -8.9 - -40 ) -25 ( -8.9 - -41 )
Total -8.7 (-2.6 - -15 ) -20 ( -6.6 - -34 ) -20 ( -6.6 - -34 ) -21 ( -7 - -35 )
Non-fatal Heart Attacks
PM2.5 3.7 (2.2 - 5.3 ) 4.1 ( 2.5 - 6 ) 4.1 ( 2.4 - 5.8 ) 3.4 ( 2 - 4.9 )
NO2 41 (22 - 59 ) 75 ( 41 - 110 ) 75 ( 41 - 110 ) 75 ( 41 - 110 )
Total 44 (24 - 65 ) 79 ( 43 - 110 ) 79 ( 43 - 110 ) 78 ( 43 - 110 )
Asthma Hospitalizations
Ages 5 to 17
PM2.5 0.27 (0 - 0.54 ) 0.28 ( 0 - 0.57 ) 0.28 ( 0 - 0.56 ) 0.23 ( 0 - 0.46 )
NO2 14 (0.35 - 27 ) 23 ( 0.6 - 47 ) 23 ( 0.6 - 47 ) 23 ( 0.6 - 47 )
Total 14 (0.35 - 28 ) 24 ( 0.6 - 47 ) 24 ( 0.6 - 47 ) 24 ( 0.6 - 47 )
Asthma Emergency Department Visits
Ages 5 to 17
PM2.5 2.6 (0 - 5.3 ) 2.7 ( 0 - 5.5 ) 2.7 ( 0 - 5.4 ) 2.2 ( 0 - 4.5 )
NO2 130 (3.2 - 250 ) 220 ( 5.6 - 430 ) 220 ( 5.6 - 430 ) 220 ( 5.6 - 430 )
Total 130 (3.2 - 260 ) 220 ( 5.6 - 440 ) 220 ( 5.6 - 440 ) 220 ( 5.6 - 440 )
Asthma Exacerbations
Ages 5 to 17
PM2.5 2,100 (0 - 4,300 ) 2,300 ( 0 - 4,600 ) 2,200 ( 0 - 4,500 ) 1,900 ( 0 - 3,800 )
NO2 100,000 (2,500 - 200,000) 170,000 ( 4,400 - 340,000) 170,000 ( 4,400 - 340,000) 170,000 ( 4,400 - 340,000)
Total 100,000 (2,500 - 200,000) 170,000 ( 4,400 - 340,000) 170,000 ( 4,400 - 340,000) 170,000 ( 4,400 - 340,000)
Table 5.3: Total U.S. LTO-attributable air quality-related mortality and morbidity outcomes for
each scenario (Values in parentheses reflect the 95% confidence intervals from the uncertainties in
the CRFs)
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Figure 5.10: O3-attributable deaths in each state in 2011 (left) and 2016 (right), the orange bars
reflect the 95% confidence intervals from the uncertainties in the CRFs
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Figure 5.11: NO2-attributable deaths in each state in 2011 (left) and 2016 (right), the orange bars
reflect the 95% confidence intervals from the uncertainties in the CRFs
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We can monetize the value of avoided mortalities by applying a value of statistical life (VSL)
approach as recommended by the EPA (U.S Environmental Protection Agency 2010) and divide
by the estimated fuel burned to approximate the economic damages per ton of fuel burned. We
multiply the number of PM2.5 and total (the sum of PM2.5, O3, and NO2) attributable premature
deaths in 2016 by a 2016 USD ($) income-adjusted value of $10.3 million and divide by the total
fuel burn estimated through the total SOX emitted. We do this for our three scenarios in 2016
representing the economic damages per ton of traditional jet fuel burned, 5%-blended sustainable
alternative jet fuel, and 50%-blended sustainable alternative jet fuel. Figure 5.12 shows the damages
per ton of fuel burned with the error bars representing the uncertainty of the valuation amount as
given in table 5.5. A 50%-blended sustainable alternative jet fuel results in a 19% decrease in PM2.5
damages per ton fuel burned from traditional jet fuel and an 8% decrease in total damages.
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Figure 5.12: PM2.5 (left) and total (right) damages per ton fuelburn, the blue bars reflect the
uncertainty surrounding the 2016 US $ VSL
5.4 Discussion
We can compare health outcome estimates from prior studies that aimed to quantify the
impacts from LTO-attributable PM2.5 and O3. Levy et al. 2012 (Levy, Woody, Baek, Shankar &
Arunachalam 2012) utilized a 36×36km CMAQ for 99 airports in the U.S. that account for 94%
of passenger enplanements in 2005 and quantified the LTO-attributable PM2.5 premature deaths
to be 75. Ashok et al. 2013 (Ashok et al. 2013) and Ratliff et al. 2009 (Ratliff et al. 2009) also
utilized a 36×36km CMAQ platform for a 2005 LTO inventory and quantified 195 and 160 PM2.5
premature deaths, respectively. Each of these studies utilized different CMAQ versions and emissions
inventories which owe to the variation in results. Barrett et al. 2010 (Barrett et al. 2010) utilized
GEOS-Chem at a 1◦ × 1◦ resolution for a 2006 LTO inventory and quantified the LTO-attributable
PM2.5 premature deaths to be ∼ 92 (20% of 458 premature deaths due to full flight emissions). Koo
et al. 2013 (Koo et al. 2013) utilized an adjoint of GEOS-Chem to quantify 20 PM2.5 premature
deaths from LTO SOX emissions and 150 from LTO NOX emissions in 2006. These studies both
relied on global simulations in GEOS-Chem with limited chemistry and coarser model resolution.
We estimate 80 and 88 LTO-attributable PM2.5 premature deaths in 2011 and 2016, respectively
which are in line with the findings of these prior studies.
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Fewer studies have aimed to quantify LTO-attributable O3 mortalities. Yim et al. 2015 (Yim
et al. 2015) utilized a 36×36km CMAQ platform for a LTO inventory in 2006 and quantified
LTO-attributable premature deaths from both PM2.5 and O3 to be 650 in North America. Dedoussi
et al. 2020 (Dedoussi et al. 2020) utilized GEOS-Chem at 0.5◦×0.67◦ resolution for a LTO inventory
in 2011 and quantified LTO-attributable premature deaths from both PM2.5 and O3 to be 209
in the U.S. Both of these studies have quantified total O3 mortalities from LTO to be positive.
However, these studies also highlight the impact of coarser model resolutions not being able to
capture LTO NOX emissions decreasing O3 formation in VOC limited areas. A recent global aviation
sensitivity study by Qaudros et al. 2020 (Quadros et al. 2020) stated that LTO emissions cause
close to zero net increase in surface level ozone over the year due to airports often being located in
areas with high NOX surface level concentrations and the additional NOX from aircraft is able to
decrease O3, especially in the winter. Two CMAQ-DDM studies aimed at quantifying sensitivities to
individual airports (Penn, Arunachalam, Woody, Heiger-Bernays, Tripodis & Levy 2017, Arter &
Arunachalam 2021) also found O3 depletion at airports from LTO NOX emissions, with Penn et
al. 2017 claiming that the 36×36km model resolution used may still be reducing the likelihood of
NOX -saturated/VOC-limited conditions (Penn, Arunachalam, Woody, Heiger-Bernays, Tripodis &
Levy 2017). Missing from all of these studies is the quantification of LTO-attributable NO2 adverse
health outcomes which is closely tied to the localized O3 impacts. In VOC-limited areas, NO2 and
O3 will often be inversely correlated as a reduction in NOX emissions can lead to an increase in
O3. Hence, additional NOX from LTO activity in VOC-limited areas will impact both NO2 and O3
concentrations. A recent study in Hong Kong (Hossain et al. 2021) has aimed to quantify the added
health risk (AR) associated with NO2 and O3 in a VOC-limited, heavily populated city and found
the decrease of AR from ambient NO2 from decreased NOX emissions measured at roadside stations
was considerably higher than the increase in AR associated with increased ambient O3 in those urban
areas. Another recent study (Mohegh et al. 2020) aimed to quantify the sensitivity of estimated
NO2-attributable health outcomes to grid resolution and found performing their analyses across U.S.
cities at 10km and 100km resulted in 6% and 32% fewer adverse health outcomes, respectively than
the analysis being performed at 100m up to 1km. Hence, by not taking into account LTO-attributable
NO2, especially at the resolutions needed to capture NOX -saturated/VOC-limited conditions, we
may be underestimating the air-quality related health impacts from LTO emissions.
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Yim et al. 2015 (Yim et al. 2015) and Grobler et al. 2019 (Grobler et al. 2019) monetized the
damages from LTO-attributable PM2.5 and O3 premature deaths. Yim et al. 2015 estimated 439
$USD per ton of fuel burned in North America and Grobler et al. 2019 estimated 320 $USD per ton
of fuel burned in the U.S. for damages from PM2.5 and O3. We estimate 177 $USD per ton of fuel
burned for damages from PM2.5 and 2,337 $USD for damages from PM2.5, O3, and NO2. While no
other studies have quantified the impacts due to implementation of sustainable alternative jet fuel
blends, Barrett et al. 2012 quantified the air quality related health impacts from implementation
of ultra low sulfur fuel by reducing aircraft SOX emissions by 97.5% and found ∼120-230 avoided
PM2.5 mortalities in the U.S. depending on model choice and CRF. Barrett et al. 2012 (Barrett
et al. 2012) estimated PM2.5 exposure to be reduced by 6% globally by using ultra low sulfur fuel.
We estimate a reduction in PM2.5 population-weighted concentrations of 2.39% and 1 fewer PM2.5
deaths in the U.S. if a 5% blend of sustainable alternative jet fuel is implemented and an 18.43%
reduction in PM2.5 population-weighted concentrations and 16 fewer PM2.5 deaths if a 50% blend is
implemented.
To account for uncertainty in the health outcome estimates, we have included results from the
95% confidence intervals in the CRFs. The confidence intervals for each mortality and morbidity
outcome reflect the variability in the results from the epidemiological studies used to construct the
CRFs. We accounted for uncertainty in the damages per ton of fuel burn (Figure 5.12) by including
lower and upper bounds for the 2016 USD ($) income-adjusted value of $10.3 million as given
in table 5.5. Uncertainties in the emission inventories and the air quality model outputs are not
accounted for in this study as the focus is a comparison of emission inventories. Additional work is
needed to asses the uncertainty surrounding the emission inventories and air quality model outputs.
While we are the first to report large adverse health outcomes from LTO-attributable NO2,
other studies have started to include NO2 in traffic-related pollution health burden studies (RW
Atkinson and BK Butland 2018, Mohegh et al. 2020, Hossain et al. 2021, Southerland et al. 2021).
As NO2 is a localized to the emission source, coarsely resolved modeling efforts may not capture
the spatial variability of NO2 (Anenberg et al. 2017) and its health impacts (Mohegh et al. 2020).
While 12×12km resolution is not as fine as 4×4km or 1×1km, the results from this study are more
finely resolved than results from prior aviation-related health impact modeling studies. That being
said, 12×12km resolution may still be missing the fine resolution needed to capture NO2 variability
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leading to an underestimation of impacts.
As recent studies surrounding aviation-related environmental impacts have shifted toward the
impacts from full flight emissions at global scales, the results from this study hope to highlight the
importance of a continued effort in reducing the air quality-related impacts from LTO emissions on
vulnerable populations near airports. By including LTO-attributable NO2 health burden estimates,
we introduce an additional factor to consider when assessing the public health impact of the aviation
sector. This study also shows the benefits of implementing sustainable alternative jet fuel blends at




5.5.1 Domain and Model Setup
Version Mechanism
Model
Air Quality Community Multi-scale Air Quality Model (CMAQ) 5.2 Carbon Bond 6 revision 3 (CB6r3)
Meteorology Weather Research Forecast (WRF) version()
Aviation Emissions AEDTProc
Emissions Sparse Matrix Operator Kernel Emissions (SMOKE) 4.7
Health Impacts Benefits Mapping and Analysis Program in R (BenMAPR)
Datasets
Non-aviation Emissions U.S. EPA’s National Emissions Inventory 2011
Non-aviation Emissions U.S. EPA’s National Emissions Inventory 2016
Aviation Emissions U.S. FAA’s AEDT Global Inventory 2011
Aviation Emissions U.S. FAA’s AEDT Global Inventory 2015
Initial and Boundary Conditions MOZART-4 Global Simulations 2011
Initial and Boundary Conditions CMAQ Hemispheric Simulations 2016
Baseline Population U.S. Census American Community Survey 2011
Baseline Population U.S. Census American Community Survey 2016








































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































Figure 5.13: PM2.5 observation versus model concentrations for each month in 2011 (top) and 2016
(bottom)
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Figure 5.14: O3 observation versus model concentrations for each month in 2011 (top) and 2016
(bottom)
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Model % NMB % NME
PM2.5 AQS Daily 361,798 9.50 7.94 -16.4 51.4 392,403 7.59 6.43 -15.3 50
CSN 13,691 10.65 9.39 -11.8 42.5 65,553 8.51 8.28 -2.63 40.7
IMPROVE 17,667 4.77 4.30 -9.93 47.1 16,946 3.79 3.00 -20.9 48
O3 AQS Hourly 8,820,196 31.61 37.21 17.7 32.2 8,979,141 30.54 31.01 1.56 25.9
CASTNET Hourly 612,732 36.06 37.46 3.88 23.6 644,169 34.60 32.24 -6.81 23.1
NO2 AQS Hourly 2,993,429 9.06 7.71 -14.9 54.3 3,405,536 8.39 6.80 -19 55.3
Table 5.7: Mean observation and model concentrations for PM2.5, O3, and NO2 for multiple
observation networks
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5.5.3 Airport-containing grid cell flights, emissions, and concentrations
Figure 5.16: Number of arrivals and departures at each airport versus NOX emissions in airport-
containing grid cell for 2011 (left) and 2016 (right)
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Figure 5.17: Number of arrivals and departures at each airport versus CO emissions in airport-
containing grid cell for 2011 (left) and 2016 (right)
Figure 5.18: Number of arrivals and departures at each airport versus SOX emissions in airport-
containing grid cell for 2011 (left) and 2016 (right)
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Figure 5.19: Number of arrivals and departures at each airport versus PEC emissions in airport-
containing grid cell for 2011 (left) and 2016 (right)
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Figure 5.22: NOX emissions versus NO2 concentrations in airport-containing grid cell for 2011 (left)
and 2016 (right)
Figure 5.23: NOX emissions versus O3 concentrations in airport-containing grid cell for 2011 (left)
and 2016 (right)
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The goal of this dissertation is to better quantify the air quality and air quality-related health
impacts from LTO aviation and onroad vehicle emissions. We performed brute force and DDM
sensitivity analyses within the CMAQ modeling framework to determine how pollutants are formed
from these sources, the quantity of pollutants formed from these sources, and the extent these
sources may contribute to air quality-related adverse health outcomes. This information is critical in
developing emission mitigation strategies targeted at reducing the impact of adverse health outcomes
from these sources.
In the first study we utilized HDDM-3D as implemented in CMAQ to calculate first and second
order sensitivity coefficients of O3 and PM2.5 concentrations with respect to aviation emissions
during landing and takeoff (LTO) cycles at ten individual airports; five located in regions of
attainment of O3 and PM2.5 NAAQS: Boston Logan (BOS), Kansas City (MCI), Raleigh-Durham
(RDU), Seattle-Tacoma (SEA), and Tucson (TUS); and five airports in current nonattainment areas:
Chicago O’Hare (ORD), Hartsfield-Jackson Atlanta (ATL), John F. Kennedy (JFK), Los Angeles
(LAX), and Charlotte-Douglas (CLT). We utilize these coefficients in an attainment/nonattainment
emission decrease/increase analysis to determine the importance of including second order sensitivity
coefficients for quantifying O3 and PM2.5 concentration responses to LTO aircraft emission reductions
near the airport. Sensitivity coefficients help to determine distinct chemical regimes, NOX -limited
versus NOX -inhibited for the case of O3 formation, and NH3-rich versus NH3-poor for the case
of PM2.5 formation. Overall, we found that NOX LTO emissions are the largest contributor to
any potential nonlinearity in O3 and PM2.5 formation through LTO emissions. However, when
utilizing Taylor series expansions to estimate O3 and PM2.5 concentration responses under LTO
emission perturbation scenarios, differences in responses calculated using only first order coefficients
and responses calculated using both first and second order coefficients were less than 1% for LTO
emission perturbations less than 100%. Hence, we found from the results in this study that first
order sensitivity coefficients are sufficient for constructing accurate LTO emissions perturbation
scenarios. This study also demonstrated through the analyses performed, an illustration of how
HDDM-based sensitivity calculations can be used to assess sector-specific impacts on attainment
designations
In the second study, we presented a transportation-specific modeling platform utilizing CMAQ
with DDM to estimate the air quality and health impacts of on-road vehicular emissions from five
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vehicles classes; light-duty autos, light-duty trucks, medium-duty trucks, heavy-duty trucks, and
buses, on PM2.5 and O3 concentrations at a 12x12 kilometer scale for twelve states and Washington
D.C. as well as four large metropolitan statistical areas in the Northeast and Mid-Atlantic U.S. in
2016. CMAQ-DDM allows for the quantification of sensitivities from individual precursor emissions
(NOX , SOX , NH3, VOC, and PM2.5) in each state to pollution levels and health effects in downwind
states. In the region we considered, light-duty trucks were responsible for the most PM2.5-attributable
premature mortalities at 1,234 with 46% and 26% of those mortalities from directly emitted primary
particulate matter and NH3, respectively; and O3-attributable premature mortalities at 1,129 with
80% of those mortalities from NOX emissions. Based on a detailed source-receptor matrix of
sensitivities with subsequent monetization of damages that we computed, we found that the largest
damages-per-ton estimate is approximately $4 million per ton of directly emitted primary particulate
matter from buses in the New York-Newark-Jersey City MSA. We found that on-road vehicular
NH3 emissions are the second largest contributor to PM2.5 concentrations and health impacts in the
study region, and that reducing 1 ton of NH3 emissions from LDT is ∼75 times and from HDT is
∼90 times greater in terms of damages reductions than a 1 ton reduction of NOX . By quantifying
the impacts by each combination of source region, vehicle class, and emissions precursor this study
allowed for a comprehensive understanding of the largest vehicular sources of air quality-related
premature mortalities in a heavily populated part of the U.S. and can inform future policies aimed
at reducing those impacts.
In the third study we quantified the air quality and health-related impacts of underestimated
vehicular NH3 emission inventories. Vehicular NH3 emissions have been found to be underestimated
in national emissions inventories by up to a factor of 2. As a potent precursor to secondary inorganic
PM2.5, this can lead to on-road vehicle-attributable PM2.5 concentrations being underestimated
in densely populated regions. We utilize measured NH3:CO2 emissions ratios and on-road vehicle
CO2 emission estimates from the Database of Road Transportation Emissions (DARTE) inventory
to update on-road vehicle emissions from 12 states and five vehicle classes in the Northeast and
Mid-Atlantic regions of the U.S. in 2016. We then utilized PM2.5 sensitivities to vehicular NH3
emissions to quantify the change in PM2.5 and adverse health outcomes due to the updated emissions
inventories. We estimated that vehicular NH3 emissions go from comprising 9% of the total NH3
emissions in our study region to as much as 21% when using an upper estimate on the measured
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NH3:CO2 emissions ratios. This resulted in an additional 1,360 premature mortalities in the study
region. Through this study, we found that current vehicular NH3 emission inventories may result in
an underestimation of PM2.5-attributable adverse health outcomes of up to a factor of 1.8 in the
Northeast and Mid-Atlantic U.S.
In the last study we aimed to quantify the air quality and health-related impacts from commercial
LTO emissions in the continental U.S. for two recent years’ inventories, 2011 and 2016. We quantified
the LTO-attributable PM2.5, O3, and NO2 concentrations and health outcomes for mortality and
multiple morbidity health endpoints. We also quantified the impacts from two scenarios representing
a nation-wide implementation of 5% or 50% blends of sustainable alternative jet fuels. PM2.5-
attributable premature deaths increased by 10% from 2011 to 2016. We estimated a net benefit
in O3-attributable premature deaths across the U.S. in both 2011 and 2016 due to the large O3
titration effects near the airports. NO2-attributable premature deaths increased by 80% from 2011
to 2016 and are responsible for 91% of total LTO-attributable premature deaths in both 2011 and
2016. Implementing a 5% or 50% blend of sustainable alternative jet fuel in 2016 resulted in a 1%
or 18% reduction, respectively in PM2.5-attributable premature deaths in 2016. We also quantified
health impacts by state and found California to be the most impacted by LTO emissions. This
study is the first to include LTO-attributable NO2 health burden estimates and we showed the
importance of this localized pollutant in heavily populated areas around airports. This study is also
the first to quantify LTO-attributable air quality and health impacts from fleet-wide implementation
of sustainable alternative jet fuel blends.
Future work from these studies can utilize the sensitivities to construct notional emission reduction
scenarios. There are a few projects currently ongoing that are looking to utilize these sensitivities.
One such application looks to quantify the air quality and related health impacts from the emission
reductions due to travel decrease in 2020 from the COVID-19 pandemic. The sensitivities can be
scaled to reflect the emission reductions that were seen across the U.S. during the year. The analyses
are being carried out for both the civil aviation sector and onroad sector with travel from these
sectors impacted by the pandemic. The onroad sensitivities are also being used to model real world
policy scenarios such as those under the TCI briefly mentioned in chapter 3. Policies like those in the
TCI rely on the emission mitigation strategy of fleet electrification which while reducing emissions
from onroad vehicles, can increase emissions from electricity generating units that are handling the
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extra strain from more onroad vehicle charges. Additional work is being done to develop higher order
sensitivities that describe the concentration responses of emission changes in both the onroad sector
and the electricity generating sector due to polices like those under the TCI. Finally, a hyper local
scale study is being started to develop sensitivities to the onroad sector in the city of Boston to look
at transportation policy options with a focus on environmental justice in the communities impacted.
Outside of the projects currently ongoing that make use of the work in this dissertation, studies
like those performed in this dissertation can be expanded to entirely separate emission sectors and
source regions.
Additional work should be done to examine some of the limitations of the work that supports this
dissertation. One of those limitations is modeled grid cell resolution: future modeling studies should
continue to move to finer spatial resolutions when estimating NO2 and O3 concentrations as 36km
and 12km resolutions may still be too coarse to accurately describe the NOX -saturated/VOC-limited
conditions that govern O3 response, especially near airports, and may be missing the fine resolution
needed to capture NO2 variability leading to an underestimation of impacts. Another limitation
is performing health impact analyses and not accounting for exposure from multiple pollutants
simultaneously. In the second and fourth studies, we are assuming populations are exposed to a
single pollutant at a given time; however these populations are being exposed to PM2.5, O3, and NO2
simultaneously. Hence, the use of concentration response functions that take into account exposure
from multiple pollutants should be examined in further studies. A third limitation is the exclusion of
climate’s influence on air pollution and air pollution’s influence on climate in these studies. Models
such as WRF-CMAQ are capable of coupling climate and air quality outputs to account for feedback
between them. This can be important for sectors like aviation with one study estimating a 20%
reduction in aviation-attributable PM2.5 when feedbacks are considered (Moniruzzaman et al. 2020).
Future work should look to incorporate these feedback interactions, especially when considering
emission mitigation strategies. Lastly, uncertainties exist in each stage of the emission-to-health
outcome modeling chain. While we consider uncertainty surrounding the health impact functions
used, additional work is needed to asses the uncertainty surrounding the emission inventories and air
quality model outputs. Sensitivities allow for the quantification of uncertainties in the modeling
chain by varying inputs like emission inventories to determine emission inventory uncertainties on
pollutant concentrations. Air quality modeling and the use of sensitivity analyses help us quantify
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